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“Things we lose have a way of coming
back to us in the end, if not always in
the way we expect.”
J.K. Rowling (Luna Lovegood), Harry
Potter and the Order of the Phoenix.
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Abstract
To evaluate Information Retrieval (IR) effectiveness, a possible approach is to
use test collections, which are composed of a collection of documents, a set
of description of information needs (called topics), and a set of relevant docu-
ments to each topic. Test collections are modelled in a competition scenario:
for example, in the well known TREC initiative, participants run their own
retrieval systems over a set of topics and they provide a ranked list of retrieved
documents; some of the retrieved documents (usually the first ranked) consti-
tute the so called pool, and their relevance is evaluated by human assessors;
the document list is then used to compute effectiveness metrics and rank the
participant systems. Private Web Search companies also run their in-house
evaluation exercises; although the details are mostly unknown, and the aims
are somehow different, the overall approach shares several issues with the test
collection approach.
The aim of this work is to: (i) develop and improve some state-of-the-
art work on the evaluation of IR effectiveness while saving resources, and
(ii) propose a novel, more principled and engineered, overall approach to test
collection based effectiveness evaluation.
In this thesis we focus on three main directions: the first part details the
usage of few topics (i.e., information needs) in retrieval evaluation and shows
an extensive study detailing the effect of using fewer topics for retrieval evalu-
ation in terms of number of topics, topics subsets, and statistical power. The
second part of this thesis discusses the evaluation without relevance judge-
ments, reproducing, extending, and generalizing state-of-the-art methods and
investigating their combinations by means of data fusion techniques and ma-
chine learning. Finally, the third part uses crowdsourcing to gather relevance
labels, and in particular shows the effect of using fine grained judgement scales;
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1.1 Information Retrieval Evaluation
1.1.1 Historical Context
The meaning of Information Retrieval (IR) can be very broad. Manning et al.
[102, p. 26] defines the IR as following:
Information retrieval (IR) is finding material of an unstructured
nature that satisfies an information need from within large collec-
tions.
The word “material” used in the definition refers to items that are usually
documents; the usage of “unstructured nature” means that the structure is
not fundamental in the task of retrieving a document, that is, IR techniques
must not rely on it; most of the documents are indeed in plain text format, but
web pages and other formats are possible. The term “collections” refers to a set
of document with certain properties which are often stored on a computer. The
“Information need” is a very important concept in IR and it will be detailed
in the following.
The birth of information retrieval, as stated by Singhal [159], can be traced
back to around 3000 BC, when the Sumerian community designated areas of
storage to keep clay tablets with inscriptions in order to be able to efficiently
retrieve and identify each tablet. Furthermore, they developed a classification
method to identify every tablet content.
The need to retrieve documents efficiently together with their content be-
came more and more important over time, but has an outstanding grown after
the discovery of the printing press performed by Joannes Gutenberg around
1440. In 1945 Bush [20] published an article that gave birth to the idea of
automatic access to large amounts of stored knowledge by the construction of
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a large index that can be accessed automatically by a workstation he called
“Memex”.
Driven by the technological progress, in the mid 1950s several works elabo-
rated upon the basic idea of searching text with the aim of a computer. Luhn
[97] proposed “the compilation of a thesaurus-type dictionary and index” used
in order to “searching pattern for finding pertinent information” by an auto-
mated machine. In the 1950s the idea of measure in a repeatable way the
effectiveness of the systems of information retrieval born. To this aim, in the
late 1950s test collections were introduced. The first test collection was the
Cranfield collection [40, 167], which allowed precise measurements of informa-
tion retrieval effectiveness. The creation of the Cranfield collection has started
the development of various test collections: this project hallowed, among oth-
ers, the born of the Text REtrieval Initiative (TREC) in 1992.
In the 1960s, Salton [151] proposed the Smart Environment, the computer
programs that he and his colleagues created to facilitate the research. It has
been used for implementing and evaluating a large number of different auto-
matic search and retrieval processes. The Smart Environment was a theoret-
ical and experimental program to explore and evaluate various indexing and
retrieval techniques. In 1967, the National Library of Medicine (NLM) con-
tracted with Systems Development Corporation (SDC), which had developed
a IR system in order to install a system that would allow medical institutions
across US to search NLM’s electronic database of medical journal citations.
This system was the Medical Literature Analysis and Retrieval System On-
line (MEDLINE).
In the 1970s and 1980s many developments followed the advances of the
1960s. In those years new techniques where proved to work on the collections,
which were made of thousands of articles, all of them with a good level of
quality information. In 1977, a major project began at Syracuse University
to design an on-line bibliographic retrieval system that used techniques pio-
neered by Salton’s SMART experiments. The project was called the Syracuse
Information Retrieval Experiment (SIRE).
In the 1990s the situation changed when in 1989 Berners-Lee [13] proposed
a new way to handle management of general information about accelerators
and experiments at CERN with a distributed hypertext system. After that
event, there has been an exponential growth in the number of hypertext docu-
ments published. In 1992 was created, co-sponsored by the National Institute
of Standards and Technology (NIST) and U.S. Department of Defence, the
Text REtrieval Conference (TREC) as an extension of research conducted
during the early 1990s as part of the TIPSTER Program. The purpose of
this initiative is to support research within the information retrieval commu-
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nity by providing the infrastructure necessary for large-scale evaluation of text
retrieval methodologies [65].
After the birth of TREC many new IR techniques have been developed,
with the large diffusion of collections and the development of technology and
research in the IR field.
1.1.2 The Relevance Concept
The “Information need” concept refers to the necessity that the users have to
obtain some information of a certain kind. In particular, as stated by Belew
and Van Rijsbergen [11], we must find out about a topic of interest, looking
for those things that are relevant to our search. As stated by Croft et al. [43],
it can be difficult for people to identify their Information Need (IN), because
there is the so called Anomalous State of Knowledge (ASK) [12]; that is, the
user might not know what he really wants, or needs, to know. This state
of “not knowing” has important consequences: the user may require different
search techniques, and furthermore may require different search iterations and
attempts in order to satisfy his/her information need. This leads the user to
establish a dialogue between he/she and the Information Retrieval System.
Furthermore, the concept or relevance is difficult to formalize, since even the
user does not always know precisely what it needs to know. The definition
of IN lead to consider a definition of relevance, in order to state how much a
document is relevant to the information need of the user.
Some attempts to formalize the relevance concept have been developed
Mizzaro [106], Saracevic [155], Cosijn and Ingwersen [42], Spink et al. [164],
and even more. An exhaustive overview of the relevance history can be found
in works by Mizzaro [106]. According to Mizzaro [106], we can formalize the
relevance concept along a four dimensional space definition: the formalization
of the resources, the formalization of the user problem, time, and the so called
“components”, which are topic, task, and context.
1.1.3 Metrics in IR
Then we have a set of documents and a query, we can divide the result of
the query to the system along two axes, the relevance axis and the retrieval
axis. The relevance axis leads to consider the subset of documents which are
relevant, or not, to a given query. The retrieval axis division, instead, considers
the subset of documents that are returned, or not, by the information retrieval
system to the user. If we combine this two axes we obtain then four categories
of documents: (i) The Relevant-Retrieved set, which represents the relevant
documents that are returned by the system, thus represents the part that is
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both useful to the informational need and retrieved, so the part that a good
system should return (and maximize); (ii) The Relevant-Not Retrieved set
represents the part of relevant documents that are not returned by the IR
system to the user; this represents a lack of the system performance; (iii) The
Not Relevant-Retrieved set represents the returned documents which are not
useful to the user informational need. This part represent as well a lack of the
performance of the system, and a good IR system should therefore minimize
this set of documents; (iv) The Not Relevant-Not Retrieved represents the set
of documents that are not shown to the user, and contemporary are not useful
to the user.
A good IRS, that is an optimal IR system, should maximize the Relevant-
Retrieved and the Not Relevant-Not Retrieved documents, minimizing the
other two sets of documents. Using this division of documents, and consid-
ering the task to measure the system performance in an objective way, we
can define some metrics that are useful to compare the performance of dif-
ferent IRS, detailed in the following. Precision is the fraction of the docu-
ments retrieved that are relevant to the user’s information need. Recall is the
fraction of relevant documents that are retrieved by a certain query. After
computing both precision and recall, in order to visualize the performance
of a IRS, we can plot precision viewed as a function of recall. This curve is
then interpolated and the precision is measured at eleven fixed recall levels
(0, .1, .2, .3, .4, .5, .6, .7, .8, .9, 1). This curve is useful to compare a single sys-
tem performance along different queries, and also the performance of different
IRS. Average precision computes the average value of precision viewed as a
function of recall (p(r)) in the interval from r = 0 to r = 1. Thus, it is repre-
sented by the area under the precision-recall interpolated curve. This metric
measures the average of precision values at the rank levels corresponding to
relevant and retrieved documents.
Then the performances of a system over a set of queries can be averaged
to compute a single score for such system. Mean average precision (MAP)
represents the mean precision score for each query This metric represents the
average precision of the AP measure over a set Q of queries. In order to avoid
the behaviour of the arithmetic mean (i.e., MAP) to overestimate systems
that are good on easy queries, and to underestimate systems which are good
on hard queries, alternatives such as GMAP Robertson [127] are possible. The
Geometric Mean Average Precision (GMAP) considers the geometric mean
instead of the arithmetic mean.
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1.1.4 Evaluation by Means of User Studies
The effectiveness of information retrieval systems when estimating the user rel-
evance can be measured in different ways. One way of doing so experimentally
consists in perform user studies.
The main advantages of the user studies are that the evaluation is per-
formed on real human being, using measures like: the satisfaction of the user
in using a system, eye tracking, physiological conditions like the skin conduc-
tance response, the perceived level of stress, and even more. On the contrary
the repeatability of the studies can be difficult and is not always possible. Fur-
thermore, it is difficult to recruit a large set of users, which are usually required
for user studies in order to make the studies valid. In order to obtain results
that are repeatable, thus to provide a benchmark for measure effectiveness,
an approach that does not include users developed: it is the case of the test
collections. This methodology to measure effectiveness is described in the fol-
lowing section. Since in our experiments we use the evaluation of effectiveness
computed using test collections, we will focus more on this part, without going
into details of the user studies.
1.1.5 Evaluation by Means of Test Collections
In this section we present the test collection setting, with a focus on the TREC
initiative, which data has been used for all the experiments described in this
thesis.
Each test collection is composed by different parts: it contains a document
repository or document collection, that is a repository of documents that will
be used to perform the retrieval tasks; the collection contains a set of de-
scriptions of information needs, that is a set of queries that represents the
information need that have to be submitted by the systems to the collection of
documents; finally, a test collection must include, for each interrogation (i.e.,
query), a set of relevant documents; in fact this is the set that each system
should return in order to satisfy the user information need.
The terminology used in test collections is peculiar: the descriptors of
information needs are called “topics”; each evaluation of a system over a set
of topics is called “run”; the set of relevant documents used in the evaluation
of the effectiveness of IR systems is made by a pooling of the full document
set: this set is usually referred as “pooled set of documents” or just as “pool”.
The test collections are used in order to test the effectiveness of different
IR systems, which can be brand new systems or adapted versions of the imple-
mentation of a particular retrieval model. Test collections were introduced in
the late 1950s by the Cranfield collection, which allowed precise measurements
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of information retrieval effectiveness. It contains 1398 abstracts of aerody-
namics journal articles, a set of 225 queries (topics), and exhaustive relevance
judgements of all the (query, document) pairs [167]. In 1992 Text Retrieval
Conference (TREC) test collection was build by the joint effort of the U.S. Na-
tional Institute of Standards and Technology (NIST) in cooperation with the
U.S. Defence Department. Its aim is to provide a benchmark for researchers
and stakeholders, in order to allow repeatable experiments over a test collec-
tion. The TREC collection started as a small collection and in more recent
years, NIST has done evaluations on larger document collections, including
the 25 million pages of the “GOV2 web page collection”. In recent years,
other test collections have been made available. In 1999 the NII Testbeds and
Community for Information access Research (NTCIR) project has built vari-
ous test collections of similar sizes to the TREC collections, focusing on East
Asian language and cross-language information retrieval [116]. In 2010, the
Conference and Labs of the Evaluation Forum (CLEF) initiative, promotes
multilingual and multi-modal system testing, unstructured, semi-structured,
highly-structured, and semantically enriched data, creation of reusable test
collections, exploration of new evaluation methodologies [39]. Some other ini-
tiatives, like the Initiative for the Evaluation of XML retrieval (INEX) [78],
focus more on retrieval of structured data.
The main advantages of use test collections are: the repeatably of the
experiments, the availability of the data, the use of the collections for different
research purposes: test new algorithms on a large set of documents, test the
implementation of a new retrieval model, and even more.
The disadvantages are that the collections are artificial, thus the informa-
tion needs used are not real ones (i.e., from real users that have real information
needs); furthermore, the quality of the collection is biased by the choice of the
documents that are included, as well as the information needs, which are usu-
ally artificial as well, and they are biased by the curators of the collection.
Finally, as stated in from the report from Tassey et al. [170], the cost of the
whole process is very high, both in terms of money and in terms of human
effort that is required in order to arrange the whole TREC competition.
1.2 Motivations of the Thesis
Effectiveness evaluation by means of test collections is not the only possible
approach (user studies and log analysis, particularly in the case of companies,
are also widely used), but its importance is indisputable and, perhaps, it is
even what differentiates IR from related areas. However, some limitations of
such an approach can be identified, from both the practical/engineering and
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the theoretical/scientific viewpoints.
From a pragmatical viewpoint, it can be observed that the whole evaluation
process is rather expensive, in terms of both human time and money: TREC
cost from 1999 to 2009 has been estimated to be about $30M [170]. For
a commercial company that needs to evaluate its own IR system, the cost
will of course be different, but it is still an important concern. A significant
component of this cost is due to human relevance assessments: this can be
reduced by using smaller document collections, relying on shallower pools,
resorting to crowd-sourced assessors (which are probably of lower quality), or
using fewer topics.
From a more general standpoint, when analysing the vast literature on IR
evaluation, one can have a twofold attitude. On the one hand, one can no-
tice that the literature is, indeed, enormous, and a large amount of work has
been carried out in the last 50 years. On the other hand, one can clearly feel
that a lot of work seems more “artisan-ship” than engineering. To cite a few
examples, the topics used in test collection initiatives are often chosen “manu-
ally”, by a few assessors, with no guarantee that they are indeed an unbiased
sample of real life needs; when using query logs (a luxury that, although avail-
able to search companies, is usually unavailable to the research community),
the need behind the query is often unknown; relevance assessment are often
carried out without a rigorous quality control; and so on. Nevertheless, It
should be remarked that when building a test collection many decisions must
be made [168, 184], as for example considering many trade-offs between dif-
ferent types of experimental validity, as well as overall evaluation cost. Such
trade-offs require deep expertise and trial and error phases over a long period
of time to fully understand and improve. Furthermore, many (if not all) of
the approaches adopted to better engineer the experimental environment (in-
cluding the ones detailed in this thesis), might include some “artisanal” step,
as for example the value selected for the parameters of an algorithm. Thus,
it is necessary to remark that all the work done in the last 50 years to bet-
ter improve the evaluation paradigm include careful and considerate thoughts,
and the last paragraph is intended as a consideration that some evaluation
steps can be improved, and it should not be interpreted as a critique to such
evaluation paradigm.
Having said so, an attempt to describe more precisely the situation is by
studying what is happening in the non-ideal scenario. An ideal test collection
should have a perfect sample of topics, an adequate document collection, etc.
In general the evaluation setting is not ideal, along different “dimensions” as,
for example:
• Topics and documents: these might be too many or too few, selected
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using a not optimal sampling strategy, etc.
• Quality of assessments: it is well known that the relevance of a document
to a topic is to some extent subjective, and the increasingly common
practice of using low quality crowdsourced assessments might further
compound this issue.
• Effectiveness metrics: more than 100 metrics exist, and choosing a wrong
metric can harm the evaluation result.
• Pooling: although the pooling approach, combined with the competition
scenario, is a practical solution, it introduces some bias in the evaluation
process, which is not neglectable anymore with today’s large document
collections.
We do not yet have an overall and complete understanding of what hap-
pens when the theoretical ideal evaluation setting is somehow degraded, as
it is always the case in practice. From a more general viewpoint, this sce-
nario makes one wonder if there is a more principled approach to address the
evaluation problem. For example, it is particularly striking that in both test
collection based initiatives and in-company private evaluation exercises, enor-
mous amount of data are produced and call for a deeper relationship with the
disciplines of data science, big data, and machine learning, that have much
recently increased their importance — but such a relationship is nowhere in
sight.
1.3 Aims of the Thesis
This thesis sets in the Information Retrieval field, precisely in the branch
of research which investigates how to reduce the cost and the effort in the
evaluation of Information Retrieval systems, in particular using test collections.
Specifically, this thesis investigates about the reduction of the cost and the
effort in the evaluation of Information Retrieval systems by means of three
different approaches: the reduction of the topic set currently used (Part I), the
evaluation performed with no human intervention (Part II), and the evaluation
performed collecting crowdsourced relevance judgements (Part III).
It has been estimated that, on average, according to the IR researchers
who responded to the survey conducted by Tassey et al. [170], end users of
web search products would be able to satisfy an information need 215% faster
in 2009 than in 1999 as a result of improvements in web search engine per-
formance. It has been estimated, by Tassey et al. [170], that 32% of this
improvement was enabled by TREC Program activities.
This thesis aims to reduce the effort of this whole process evaluation, pre-
serving the benefits. In the first part of this thesis we aim to reduce the
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number of information needs (i.e., queries) which are used in the evaluation
of collections of IR. In fact, when we evaluate the effectiveness of IR systems
using test collections, each system is required to run over a set of queries. If
we reduce the number of queries used in the evaluation, preserving the ability
to evaluate the effectiveness of the systems of IR, we would have obtained an
actual saving of resources in the whole evaluation process.
Furthermore, in the second and third parts of this thesis, we aim in pro-
viding reliable relevance judgements, focusing on a totally automatic approach
(Part II), and a semi-automatic one which relies on cheap crowdsourced rel-
evance labels (Part III). Also in this case, if we reduce the cost of gathering
reliable relevance judgements preserving the ability to reliably estimate sys-
tem effectiveness, we would have reduced the total cost of the whole evaluation
process, by reducing the actual cost needed to build a test collection.
1.4 Structure of the Thesis
This work is structured as follows.
Part I details the usage of few topics in the effectiveness evaluation: Chap-
ter 3 describes a novel approach based on a multi-objective Evolutionary Algo-
rithm which allows to run a battery of new experiments to select topic subsets
in test collections. Chapter 4 explores what happens to measurement accuracy
when the number of topics in a test collection is reduced, using the Million
Query 2007, TeraByte 2006, and Robust 2004 TREC collections.
Part II discusses the idea of evaluation without relevance judgements:
Chapter 6 reproduces notable work on the evaluation without relevance judge-
ments and generalize some of the obtained results to other collections (includ-
ing a recent one), evaluation metrics, and a shallow pool. Chapter 7 compares
such methods when they are used under the same conditions, using different
collections and different measures, and investigates combinations of the various
methods.
Part III discusses the usage of crowdsourcing to gather relevance judge-
ments, and in particular the effect of different judgement scales. Chapter 9
discusses and experimentally evaluates by means of a large scale crowdsourced
relevance judgements the use of a fine-grained scale on 100 levels. Using the
proposed scale, the human assessor judges the relevance of a document with re-
spect to a query by means of a number in the [0..100] range (extremes included,
thus the levels are actually 101; we name it S100 anyway). Using the data from
such a scale crowdsourcing experiment (we collect more than 50 thousand la-
bels on such a scale), we discuss its advantages and disadvantages with respect
to the already proposed alternatives. Chapter 10 discusses the transformation
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between relevance scales. That chapter looks at the effect of scale transfor-
mations in a systematic way. We perform extensive experiments to study the
transformation of judgements from fine-grained to coarse-grained. We use dif-
ferent relevance judgements expressed on different relevance scales and either
expressed by expert annotators or collected by means of crowdsourcing. The
objective is to understand the impact of relevance scale transformations on
IR evaluation outcomes and to draw conclusions on how to best transform
judgements into a different scale, when necessary.
Finally, Chapter 11 provides the conclusions and directions for future work.
1.5 Publications
This work is based on the following peer-reviewed publications:
1. K. Roitero. CHEERS: cheap & engineered evaluation of retrieval sys-
tems. In The 41st International ACM SIGIR Conference on Research
& Development in Information Retrieval, SIGIR 2018, Ann Arbor, MI,
USA, July 08-12, 2018, page 1467, 2018. doi: 10.1145/3209978.3210229.
URL https://doi.org/10.1145/3209978.3210229
conference rank: A*
This work details the idea of the cheap evaluation of information retrieval
systems.
2. K. Roitero, M. Soprano, A. Brunello, and S. Mizzaro. Reproduce and
improve: An evolutionary approach to select a few good topics for infor-
mation retrieval evaluation. Journal of Data and Information Quality, 10
(3):12:1–12:21, Sept. 2018. ISSN 1936-1955. doi: 10.1145/3239573. URL
http://doi.acm.org/10.1145/3239573
This work sets the basis for Chapter 3.
3. K. Roitero, J. S. Culpepper, M. Sanderson, F. Scholer, and S. Mizzaro.
Fewer topics? a million topics? both?! on topics subsets in test collections.
Information Retrieval Journal, May 2019. ISSN 1573-7659. doi: 10.1007/
s10791-019-09357-w. URL https://doi.org/10.1007/s10791-019-09357-w
This work sets the basis for Chapter 4.
4. K. Roitero and S. Mizzaro. Improving the efficiency of retrieval effective-
ness evaluation: Finding a few good topics with clustering? In Proceedings
of the 7th Italian Information Retrieval Workshop, Venezia, Italy, May
30-31, 2016., 2016. URL http://ceur-ws.org/Vol-1653/paper_4.pdf
This work contains some of the clustering experiments detailed in Sec-
tion 4.5.
1.5 Publications 11
5. K. Roitero, M. Soprano, and S. Mizzaro. Effectiveness evaluation with
a subset of topics: A practical approach. In The 41st ACM SIGIR,
pages 1145–1148, 2018. ISBN 978-1-4503-5657-2. doi: 10.1145/3209978.
3210108. URL http://doi.acm.org/10.1145/3209978.3210108
conference rank: A*
This work contains material used in Chapters 4 and 7.
6. K. Roitero, M. Passon, G. Serra, and S. Mizzaro. Reproduce. generalize.
extend. on information retrieval evaluation without relevance judgments.
Journal of Data and Information Quality, 10(3):11:1–11:32, Sept. 2018.
ISSN 1936-1955. doi: 10.1145/3241064. URL http://doi.acm.org/10.
1145/3241064
This work sets the basis for Chapter 6.
7. K. Roitero, A. Brunello, G. Serra, and S. Mizzaro. Effectiveness eval-
uation without human relevance judgments: A systematic analysis of
existing methods and of their combinations. In To appear in Informa-
tion Processing and Management (IPM).,
This work sets the basis for Chapter 7.
8. K. Roitero, E. Maddalena, G. Demartini, and S. Mizzaro. On fine-grained
relevance scales. In The 41st ACM SIGIR, pages 675–684, New York, NY,
USA, 2018. ACM, ACM. ISBN 978-1-4503-5657-2. doi: 10.1145/3209978.
3210052. URL http://doi.acm.org/10.1145/3209978.3210052
conference rank: A*
This work sets the basis for Chapter 9.
9. L. Han, K. Roitero, E. Maddalena, S. Mizzaro, and G. Demartini. On
transforming relevance scales. In To appear in Proceedings of the 28th
ACM International Conference on Information and Knowledge Manage-
ment (CIKM2019). Beijing, China. November 3-7, 2019.,
conference rank: A
This work sets the basis for Chapter 10.
Furthermore, during my Ph.D. and up to the thesis submission date (i.e.,
2019-10-31), I produced the following peer-reviewed publications:
1. K. Roitero, A. Brunello, G. Serra, and S. Mizzaro. Effectiveness evalu-
ation without human relevance judgments: A systematic analysis of ex-
isting methods and of their combinations. In To appear in Information
Processing and Management (IPM).,
12 Introduction
2. L. Han, K. Roitero, U. Gadiraju, A. C. Cristina Sarasua, E. Maddalena,
and G. Demartini. The impact of task abandonment in crowdsourcing.
In To appear in IEEE Transactions on Knowledge and Data Engineering
(TKDE),
3. L. Han, E. Maddalena, A. Checco, C. Sarasua, U. Gadiraju, K. Roitero,
and G. Demartini. Crowd worker strategies in relevance judgment tasks.
In To appear in Proceedings of the 13th ACM International Conference on
Web Search and Data Mining, WSDM 2020, Houston, Texas. February
3-7, 2020.,
conference rank: A*
4. K. Roitero, S. Mizzaro, and M. Soprano. Bias and fairness in effec-
tiveness evaluation by means of network analysis and mixture mod-
els. In Proceedings of the 10th Italian Information Retrieval Workshop,
Padova, Italy, September 16-18, 2019., pages 6–7, 2019. URL http:
//ceur-ws.org/Vol-2441/paper4.pdf
5. K. Roitero, A. Brunello, J. Urbano, and S. Mizzaro. Towards stochastic
simulations of relevance profiles. In To appear in Proceedings of the 28th
ACM International Conference on Information and Knowledge Manage-
ment (CIKM2019). Beijing, China. November 3-7, 2019.,
conference rank: A
6. L. Han, K. Roitero, E. Maddalena, S. Mizzaro, and G. Demartini. On
transforming relevance scales. In To appear in Proceedings of the 28th
ACM International Conference on Information and Knowledge Manage-
ment (CIKM2019). Beijing, China. November 3-7, 2019.,
conference rank: A
7. M. Soprano, K. Roitero, and S. Mizzaro. HITS hits readersourcing: Vali-
dating peer review alternatives using network analysis. In Proceedings of
the 4th Joint Workshop on Bibliometric-enhanced Information Retrieval
and Natural Language Processing for Digital Libraries (BIRNDL 2019)
co-located with the 42nd International ACM SIGIR Conference on Re-
search and Development in Information Retrieval (SIGIR 2019), Paris,
France, July 25, 2019., pages 70–82, 2019. URL http://ceur-ws.org/
Vol-2414/paper7.pdf
8. K. Roitero, J. S. Culpepper, M. Sanderson, F. Scholer, and S. Mizzaro.
Fewer topics? a million topics? both?! on topics subsets in test collections.
Information Retrieval Journal, May 2019. ISSN 1573-7659. doi: 10.1007/
s10791-019-09357-w. URL https://doi.org/10.1007/s10791-019-09357-w
1.5 Publications 13
9. F. Zampieri, K. Roitero, J. S. Culpepper, O. Kurland, and S. Mizzaro.
On topic difficulty in IR evaluation: The effect of systems, corpora, and
system components. In Proceedings of the 42nd International ACM SI-
GIR Conference on Research and Development in Information Retrieval,




10. L. Han, K. Roitero, U. Gadiraju, C. Sarasua, A. Checco, E. Maddalena,
and G. Demartini. All those wasted hours: On task abandonment in
crowdsourcing. In Proceedings of the Twelfth ACM International Con-
ference on Web Search and Data Mining, WSDM 2019, Melbourne, VIC,
Australia, February 11-15, 2019, pages 321–329, 2019. doi: 10.1145/
3289600.3291035. URL https://doi.org/10.1145/3289600.3291035
conference rank: A*
11. K. Roitero, D. Spina, G. Demartini, and S. Mizzaro. How many truth
levels? six? one hundred? even more? validating truthfulness of state-
ments via crowdsourcing. In To appear in RDSM 2018 : Workshop on
Rumours and Deception in Social Media.,
12. K. Roitero, M. Passon, G. Serra, and S. Mizzaro. Reproduce. generalize.
extend. on information retrieval evaluation without relevance judgments.
Journal of Data and Information Quality, 10(3):11:1–11:32, Sept. 2018.
ISSN 1936-1955. doi: 10.1145/3241064. URL http://doi.acm.org/10.
1145/3241064
13. K. Roitero, M. Soprano, A. Brunello, and S. Mizzaro. Reproduce and
improve: An evolutionary approach to select a few good topics for infor-
mation retrieval evaluation. Journal of Data and Information Quality, 10
(3):12:1–12:21, Sept. 2018. ISSN 1936-1955. doi: 10.1145/3239573. URL
http://doi.acm.org/10.1145/3239573
14. K. Roitero, E. Maddalena, G. Demartini, and S. Mizzaro. On fine-grained
relevance scales. In The 41st ACM SIGIR, pages 675–684, New York, NY,
USA, 2018. ACM, ACM. ISBN 978-1-4503-5657-2. doi: 10.1145/3209978.
3210052. URL http://doi.acm.org/10.1145/3209978.3210052
conference rank: A*
15. S. Mizzaro, J. Mothe, K. Roitero, and M. Z. Ullah. Query performance
prediction and effectiveness evaluation without relevance judgments: Two
sides of the same coin. In The 41st ACM SIGIR, pages 1233–1236,
14 Introduction
2018. ISBN 978-1-4503-5657-2. doi: 10.1145/3209978.3210146. URL
http://doi.acm.org/10.1145/3209978.3210146
conference rank: A*
16. K. Roitero, E. Maddalena, Y. Ponte, and S. Mizzaro. Irevaloo: An
object oriented framework for retrieval evaluation. In The 41st Inter-
national ACM SIGIR Conference on Research & Development in In-
formation Retrieval, SIGIR 2018, Ann Arbor, MI, USA, July 08-12,
2018, pages 913–916, 2018. doi: 10.1145/3209978.3210084. URL https:
//doi.org/10.1145/3209978.3210084
conference rank: A*
17. K. Roitero, M. Soprano, and S. Mizzaro. Effectiveness evaluation with
a subset of topics: A practical approach. In The 41st ACM SIGIR,
pages 1145–1148, 2018. ISBN 978-1-4503-5657-2. doi: 10.1145/3209978.
3210108. URL http://doi.acm.org/10.1145/3209978.3210108
conference rank: A*
18. K. Roitero. CHEERS: cheap & engineered evaluation of retrieval sys-
tems. In The 41st International ACM SIGIR Conference on Research
& Development in Information Retrieval, SIGIR 2018, Ann Arbor, MI,
USA, July 08-12, 2018, page 1467, 2018. doi: 10.1145/3209978.3210229.
URL https://doi.org/10.1145/3209978.3210229
conference rank: A*
19. A. Checco, K. Roitero, E. Maddalena, S. Mizzaro, and G. Demartini.
Let’s agree to disagree: Fixing agreement measures for crowdsourcing.
In Proceedings of the Fifth AAAI Conference on Human Computation
and Crowdsourcing, HCOMP 2017, 23-26 October 2017, Québec City,
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This chapter is structured as follows: Section 2.1 introduces the work, Sec-
tion 2.2 discusses the usage of fewer topics in retrieval evaluation, Section 2.3
details the studies which investigated topic subsets, Sections 2.4, 2.5, and 2.6
explain in detail notable work on topic subsets, and Section 2.7 describes the
BestSub software and its limitations.
2.1 Introduction
When evaluating the effectiveness of Information Retrieval (IR) systems, the
design of the measurement process has been examined by researchers from
many ‘angles’: e.g. the consistency of relevance judgements; the means of min-
imizing judgements while maintaining measurement accuracy; and the best
formula for measuring effectiveness. One aspect – the number and type of
queries (topics in TREC terminology) needed in order to measure reliably
– has been discussed less often. In general, there has been a trend in test
collection construction of increasing the number of topics, but without much
consideration of the benefits of such an approach. In many areas of measure-
ment via sampling, it is generally accepted that there are diminishing returns
from increasing the sample size [9]. Beyond a certain point, improvements in
measurement accuracy are small and the cost of creating the sample becomes
prohibitive. We are not aware of work in IR that establishes if such an optimal
sample size exists.
Other work has been conducted on whether smaller topic sets (subsets)
could be used in a test collection, examining early TREC ad hoc collections [15,
60, 128], and the 2009 Million Query (MQ) Track [29, 30]. These approaches,
in general, ask how similarly a set of retrieval runs are ranked when using such
a subset versus a full set of topics. Note that in these experiments, the full set
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2.2 Number of Topics
Buckley and Voorhees [19] examined the accuracy of common evaluation mea-
sures relative to the number of topics used. They suggested using at least 25
topics, though stated having more was better. The authors concluded that 50
topics produce reliable evaluations. The conclusion on the number of topics
was broadly confirmed by Carterette et al. [26] who considered a larger number
of topics (200).
While the methods used in earlier work to determine the appropriate num-
ber of topics for a test collection involved a range of empirical approaches,
Webber et al. [186] proposed the use of statistical power analysis when com-
paring the effectiveness of runs. The authors argued that a set of nearly 150
topics was necessary to distinguish runs. Building on suggestions by Sanderson
and Zobel [153], they also argued that using more topics with a shallow as-
sessment pool was more reliable than using few topics with a deep assessment
pool. Carterette and Smucker [25] used power analysis statistics to study both
topic set size and judgement set size.
Using the approach of Test Theory, introduced by Bodoff and Li [16], Ur-
bano et al. [176] examined test collection reliability considering all aspects of
the collection. The authors tabulated their measures of reliability across a
large number of TREC collections, and suggested that the number of topics
used in most current test collections is insufficient.
More recently, Sakai [147, 149] used power analysis to argue that more
topics than are currently found in most test collections are required. He showed
that many significant results may be missed due to the relatively small number
of topics in current test collections. He concludes that potentially, hundreds
of topics are required to achieve reasonable power in current test collections.
While the works here seem to draw contradictory conclusions of different
minimum numbers, a common theme to the work is that the minimum number
needed to separate the effectiveness of two runs depends on how similar the
runs are. The earlier work examined runs more widely separated than more
recent work.
2.3 Topic Subsets
Separate to the question of how many topics are required, researchers have
asked if some form of targeted topic sample could achieve the same measure-
ment effect.
Subsequent to the work of Mizzaro and Robertson [109] on topic subsets,
Hauff et al. [70] presented three approaches to measure effectiveness estimation
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using topic subsets: greedy, median Average Precision (AP), and estimation
accuracy. Hauff et al. [71] then presented evidence showing that the accuracy
of ranking the best runs depended on the degree of human intervention in
any manual runs submitted, and went on to show that this problem can be
somewhat alleviated by using a subset of “best” topics. Cattelan and Mizzaro
[32] also studied whether it is possible to evaluate different runs with differ-
ent topics. Roitero et al. [134] generalized the approach to other collections
and metrics, further investigating the correlations between topic ease and its
capability of predicting system effectiveness.
In contrast to the work conducted by Mizzaro and Robertson – which
looked for best and worst subsets in a “bottom up” approach, finding any
topics that would fit into each subset – Carterette et al. [29] took a “top down”
approach. They manually split the topics of the MQ collections into subsets
based on groups of categories from Rose and Levinson [144]. They found little
difference examining the groups. They also looked at different combinations
of hard, medium, and easy topics (determined by the average score that runs
obtained on the topics) and found similar conclusions to earlier topic subset
work.
In related work, Hosseini et al. [74] presented an approach to expand rel-
evance judgements when new runs are evaluated. The cost of gathering ad-
ditional judgements was offset by selecting a subset of topics that discrimi-
nated the runs best, determined using Least Angle Regression (LARS) and
convex optimization, up to a maximum topic set cardinality of 70. Later,
Hosseini et al. [73] used convex optimization to select topics that needed fur-
ther relevance judgements when evaluating new runs. The algorithm estimates
the number of unjudged documents for a topic and identifies a set of query-
document pairs that should be judged given a fixed budget.
Hosseini et al. [76] proposed a mathematical framework to select topic
subsets based on modeling the evaluation metric’s uncertainty obtained when
dealing with incomplete or missing relevance judgements for a set of topics.
This work is particularly relevant as we will be able to compare some of our
results with theirs.
Kutlu et al. [89] developed a method for topic selection based on learning-
to-rank; they took into account the effect of pool depth and focused on deep
vs. shallow judging.
We now detail the approaches of topic set reduction based on the theoret-
ical best possible choice, which three main contributions are by Guiver et al.
[60], Robertson [128], and Berto et al. [14]. Since in Chapter 3 we focus on
reproducing those results, we describe such papers more in detail.
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sm AP(sm, t1) · · · AP(sm, tn) MAP(sm)
Table 2.1: AP and MAP, for n Topics and m Systems (adapted from [60])
2.4 The Study by Guiver, Mizzaro, and Robert-
son
Guiver et al. [60] propose a theoretical analysis on topic set reduction. Their
analysis starts from TREC evaluation results as represented in Table 2.1. The
process is described as follows [60, page 21:4]:
The basic method is as follows. We start from a set of n topics
(n = 50 or 25 in the experiments that follow). We now consider,
for any c ∈ {1, . . . , n} and for any subset of topics of cardinality
c, the corresponding values of MAP for each system calculated on
just this subset of topics: that is, we average only a selected set of
c of the n columns in Table I [our Table 2.1]. For each such subset,
we calculate the correlation of these MAP values with the MAP
values for the whole set of topics. This correlation measures how
well the subset predicts the performance of different systems on the
whole set. Now for each cardinality c, we select the best subset of
topics, that is the one with the highest correlation. We also select
the worst, and finally we calculate an average correlation over all
subsets of size c.
The outcome of the process is shown in Figure 2.2, that shows for each car-
dinality (x-axis) the correlation values (y-axis): the best possible correlations
are the curves in blue, the average correlation (i.e., that obtained by a random
topic selection) is in green, and the worst is in red. Results show that the
best topic subset is much better than the average one in predicting the system
performance on the full set of topics. Furthermore, the worst topic subset is
much worse than the average one, and the gap between the two correlations
is high. To make an example for the Pearson Correlation, with just 8 best
topics we obtain correlations higher than 0.95; to achieve the same result we
would need 23 topics for the average series, and more than 40 for the worst
one. Furthermore, results appear stable across measures: Guiver et al. include
in the study R-prec, P10, and logAP (or GMAP). Whereas the usefulness of
the Best series is intuitive, the interestingness of Worst series is perhaps less
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(a) (b)
Figure 2.2: Correlation values from Pearson’s ρ (a) and Kendall’s τ (b), ob-
tained with BestSub on TREC-8 (from [60, Figs. 2 and 3]).
straightforward and deserves a brief justification, besides simply stating that
it was studied by the previous authors and we are reproducing it. Indeed,
knowing how a topic subset can rank the systems in a so different way from
the official ranking (i.e., the one provided by TREC) is useful to understand
how “wrong” one can be when using a topic set of a given cardinality. The
Best series is an optimum to aim at; the Worst series is something that needs
to be avoided.
It has to be noted that the computational complexity is high and finding an
exact solution becomes intractable even for rather small n, since the number
of subsets to be analyzed increases exponentially. For this reason, Guiver
et al. rely on a heuristic search in their analysis, that works as follows [60,
page 21:10]:
a heuristic is to search recursively: having identified the best set
for cardinality c, to seek the best for cardinality c + 1 among sets
which differ from the best c set by not more than 3 topics (the
number 3 was chosen primarily because 4 is intractable).
Guiver et al. also addressed two questions which are strongly related to the
heuristic algorithm used:
(i) how much difference there is considering the topics of the Best/Worst
topic subset at a given cardinality (c), and the topics of the subset at
the next one (c + 1)? and
(ii) what happens when performing a neighborhood analysis, i.e., when se-
lecting not only the single Best/Worst subset, but also the 2nd Best/Worst
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(a) (b)
Figure 2.3: Stability pixel-maps for Pearson’s ρ for the whole dataset (a) and
for Pearsons’s ρ for the top 10 sets at cardinality 12 (b) (from [60, Figs. 5 and
6]).
subset, and the subsequent Best/Worst ones? In particular, they ana-
lyzed the 10 Best/Worst topic subsets for each cardinality.
Results are shown in Figure 2.3. Figure 2.3(a) is a topic by cardinality
pixel-map, for ρ correlation; in each cell the value is “+” if for that cardinality
the topic is part of the Best subset, “x” if the topic is in the Worst subset, and
“#” if the topic is present in both sets. Figure 2.3(a) shows that in general
single topics appear to be either good or bad; this statement is more true for
the bad topic subset: once a topic enters in the worst set at a given cardinality
it tends to be in the worst set also for the next cardinality, while for the best
topic subset some variation arises in this pattern.
Figure 2.3(b) is a topic by “goodness” (i.e., 1st Best/worst set, 2nd, etc.)
pixel-map, for cardinality 12 for ρ correlation; in the upper part (i.e., first 10
rows) of the map the Best 10 subsets are shown, while in the lower part (i.e.,
last 10 rows) of the map the Worst 10 subsets are shown; in each cell the value
is colored if for that set the topic is part of the Best subset (upper part of the
map), or in the Worst subset (lower part of the map). This figure confirms
that while the quality of being a bad topic is true for individual topics, a good
topic set is not formed by individual good topics only, but by a set of topics
that somehow contribute in predicting systems effectiveness.
2.5 The Study by Robertson
The second contribution is by Robertson [128], who extended the work by
Guiver et al. in four ways:
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• He used two more collections: TREC87 and another one, named Terrier,
in which he used a set of different configurations of the Terrier system3
to obtain another system population.
• He used a different evaluation measure (i.e., logitAP).
• He studied a particular method to build good topic subsets. He built
a matrix, as proposed by Mizzaro and Robertson [108], to represent
interactions between systems and topics, and in particular correlations
between topic ease and the ability to predict system effectiveness; on
that matrix, using the HITS algorithm [85], he computed topic hubness,
and he analyzed if such a feature can be used to find a few good topics.
• He performed three generalization experiments [128, page 138]:
1. a HITS analysis: he compared hubness vectors of topics from the
three collections, for a given metric;
2. a Best/Worst subset analysis: he used the Best/Worst subsets com-
puted on the TREC data on the Terrier collection;
3. a topic selection strategy: he used the HITS analysis of TREC data
to predict good topic sets on Terrier.
Conclusions of the analysis confirm that choosing a good topic subset is not
just a matter of selecting good individual topics.
2.6 The Study by Berto, Mizzaro, and Robert-
son
Berto et al. [14] generalize the work by Guiver et al. [60] and Robertson [128]
by: (i) investigating how many good topic subsets exist; (ii) extending the
generalization analysis of Robertson, considering various evaluation metrics;
and (iii) extending the results of Guiver et al. on the best 10 topic subsets
by including a generalization experiment (i.e., what happens when considering
the rank of the top topic subsets and a different topic subset). Results show
that: (i) many good topic subsets exist, so there is hope that some of them
are general; (ii) even if the single best topic subset is not able to generalize
to a new system population, some of the subsequent ones might be adequate
under certain conditions; and (iii) the metric has a major role when dealing
with best topic subsets.
Note that results by Guiver et al. [60], Robertson [128], and Berto et al.
[14] are a-posteriori: their analysis is conducted after the whole evaluation
process is finished; thus, their results are not immediately applicable to obtain
3http://terrier.org
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a practical topic selection strategy, which should be able to identify the few
good topics a priori (or, at least, during the relevance assessment process). We
agree with the authors of the previous studies that, even if a-posteriori, such a
theoretical approach is interesting and useful since the theoretical maximum,
minimum, and average correlation values for the different topic subsets con-
stitute useful baselines to compare with when testing and proposing a novel
topic selection strategy.
In addition to the previously mentioned work examining topics [15, 60, 128],
a wide variety of studies analyze the components of test collections. Here, we
focus on those that consider the number of topics needed and topic subsetting.
2.7 The BestSub Software
The above results (i.e., [15, 60, 128]) have been obtained by using the BestSub
software, specifically implemented in 2006 (and revised some years later) to
study the fewer topics approach. BestSub is written in C#, and receives in
input the topic-system table (see Table 2.1) and a parameter k, used for the
heuristic search. BestSub searches the Best/Worst topic subsets (i.e., the one
which correlates more/less with the ground truth) at each cardinality c between
1 and n (i.e., the number of topics). BestSub computes the Best/Worst sets
for each cardinality using the Pearson’s ρ, and Kendall’s τ correlations, plus
the Error-Rate measure [60]. The output of BestSub can be represented as in
Figure 2.2.
BestSub has been a valuable and useful tool that allowed to obtain the
previous results, but it is not free from limitations, as we now discuss.
The heuristic is quite rough. In the BestSub implementation, the side
effect of the heuristic is that the topic subset at cardinality c and the one
at cardinality c + 1 differ for at most k elements. The more k is close to 1,
the more the search process becomes a greedy algorithm. Guiver et al. set this
parameters to a maximum number of 3. Robertson investigated the outcome of
the experiments with a parameter k close to 1. Concerning exhaustive search,
Guiver et al. [60, page 21:10] write:
when using the Kendall’s τ , searching exhaustively takes around 7
days for c = 11, and around 20 days for c = 12, even with efficient
O(n log n) calculation of τ using Knight’s algorithm [Boldi et al.
2005]. Exhaustive search for correlation runs is much faster due
to the simpler calculation, and wider scope for optimization of the
algorithm; however, even there, computation becomes a real issue
beyond c = 15.
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It is particularly worrying that the heuristic can distort the stability results.
Although the correlation values obtained are probably not heavily affected
by using the heuristics, some effect on stability (see Figure 2.3) cannot be
excluded.
Finally, BestSub efficiency is not ideal. The search algorithm of BestSub,
even if optimized, results in an extremely slow search even for a small topic
set. With k = 3 on a top class PC (2013 Mac Pro) for 50 topic the algorithm
takes approximately 10.5 hours to finish, and for 250 topics with k = 2 (i.e.,
almost a greedy search) the algorithm takes more than 1 month to finish the
computation.
Chapter 3
An Evolutionary Approach to
Identify Topics Subsets
This chapter deals with the design and implementation of an evolutionary
algorithm used to identify topic subsets. Section 3.1 introduces and frames
the research questions, Section 3.2 discusses the reimplementation of BestSub
software, detailing the Evolutionary Algorithm approach we used, Section 3.3
presents the experiments, and Section 3.4 concludes the chapter.
3.1 Introduction and Research Questions
In this chapter we focus on one particular approach to reduce the cost of
the evaluation process [129], which consists of limiting the number of topics
used in the evaluation. This approach has been studied by Guiver et al. [60],
Robertson [128], and Berto et al. [14]. Their results have been obtained by
using the BestSub software, that presents several limitations, discussed in the
following.
Our contribution in this chapter is threefold:
(1) We re-implement the BestSub software using a novel approach based
on a multi-objective Evolutionary Algorithm (EA). We also release the
software making it freely available to the research community.
(2) We then reproduce the main results by Guiver et al. [60], Berto et al. [14],
and Robertson [128] using the novel implementation, as well as discuss
its advantages w.r.t. the original approach.
(3) The novel and more efficient implementation allows us to run a battery
of new experiments. We therefore generalize the previous results to other
datasets and collections.
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We remark that reproduction seems particularly important in this case,
since the previous results have been obtained by a single research group, that
used a specific, ad hoc, software that has never been released widely and
officially, and they have been published in potentially high impact venues: [60]
has been published in an important journal (ACM TOIS, 1.070 impact factor);
Berto et al. [14] in ICTIR, and [128] in ECIR, two important conferences for
the IR community.
3.2 NewBestSub
We now turn to our first aim, see item (1) in Section 3.1. In this section we
first briefly present some background on Evolutionary Algorithms (EAs); we
then detail our overall approach and the NewBestSub software, the reimple-
mentation of BestSub by means of EAs.
3.2.1 Evolutionary Algorithms
In the current work we make use of an approach based on Evolutionary Algo-
rithms (EAs), i.e., population-based metaheuristics which rely on mechanisms
inspired by the process of biological evolution and genetics in order to solve
optimization problems [48]. Unlike blind random search algorithms, EAs are
capable of exploiting historical information to direct the search into the most
promising regions of the search space, relying on methods designed to imitate
the processes that in natural systems lead to adaptive evolution.
In nature, a population of individuals tends to evolve, in order to adapt to
the environment in which they live; in the same way, EAs are characterized
by a population, where each individual represents a possible solution to the
optimization problem. Every solution is evaluated with regard to its degree
of “adaptation” to the problem through a single- or multi-objective fitness
function.
During the computation of the algorithm, the population iteratively goes
through a series of generations. At each generation step, some of the individu-
als are picked by a selection strategy, and go through a process of reproduction,
by the application of suitable crossover and mutation operators. The selection
strategy is one of the main distinguishing factors between meta-heuristics, al-
though typically individuals with high degree of adaptation are more likely to
be chosen.
NSGA-II [45], on which our method is based, uses a Pareto-based multi-
objective strategy with a binary tournament selection and a rank crowding
better function. To the selected individuals, operations such as crossover and
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mutation are applied with a certain degree of probability, with the goal of
generating new offspring, creating a new generation of solutions. Crossover is
the EA equivalent of natural reproduction, by which the characteristics of two
individuals are combined. Mutation is used to maintain the genetic diversity
in the elements of the population, through applying random changes in the
encoding of the selected solution. Typically, a high crossover probability tends
to pull the population towards a local minimum or maximum, while a high
degree of mutation allows to explore the search space more broadly.
The algorithm terminates when a predefined criteria is satisfied, which can
be a bound on the number of generations, or a minimum fitness increment
that must be achieved between subsequent evolution steps of the population.
Multi-objective EAs are designed to solve a set of minimization/maximization
problems for a tuple of n functions f1(
−→x ), . . . , fn(
−→x ), where −→x is a vector of
parameters belonging to a given domain. A set S of solutions for a multi-
objective problem is said to be non-dominated (or Pareto optimal) if and only
if for each ~x ∈ S, there exists no ~y ∈ S such that: (i) fi (~y) improves fi (~x) for
some i, with 1 ≤ i ≤ n, and (ii) for all j, with 1 ≤ j ≤ n and j 6= i, fj (~x)
does not improve fj (~y). The set of non-dominated solutions from S is called
Pareto front.
Note that, although we are indeed interested in finding a set of Pareto
optimal individuals (the best or worst topic set for each cardinality), it would
also be possible, in principle, to choose a single one of them as the final solution.
This presupposes the existence of a suitable a-posteriori selection strategy, such
as, for example “keep the subset characterized by the highest correlation value,
among the ones having less than 10 topics”.
3.2.2 EAs and Fewer Topics Subsets
Multi-objective approaches are particularly suitable for solving multi-objective
optimization problems, as the one treated in this chapter, because they are
capable of searching for multiple optimal solutions in parallel. Indeed, given
the wide search space of topic sets, and the two antithetical objectives which
characterize the topic reduction process (i.e., reducing the topic subset size
while keeping a high correlation value), EAs seem to be a natural solution to
solve such a problem. We propose a method capable of optimizing, together,
the size of a subset of topics and its accuracy in evaluating information systems,
with respect to the whole set of topics. For each subset cardinality, we look
for the best and the worst topics to be included for such an extent.
An overview of the operation of the NSGA-II Evolutionary Algorithm,
applied to the topic selection problem, is presented in Figure 3.1; further details
are provided in the following.
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(a) (b)
Figure 3.1: Overview of the algorithm NSGA-II applied to the few topics se-
lection problem (left), and detail of the crossover and mutation process (right);
the bold squares represent the mutated topics.
3.2.3 Initial Population
Each individual of the population is represented by a binary array, having
length equal to the number of topics in the full topic set (n). The i-th cell of
the array tracks whether the corresponding topic is included in the encoded
solution or not. Note that in the population, topic subsets of the different
cardinalities 1 ≤ c ≤ n co-exist.
As for the size of the initial population, the minimum allowed value is equal
to the number of topics, to ensure that every subset cardinality is initially
represented; also, to guarantee population heterogeneity, we simply randomly
generate a set of individuals for each subset cardinality.
3.2.4 Operators
The crossover operator merges information from two (or more) randomly se-
lected parents, generating one or more offspring. The underlying idea is that
of combining the features of two different but desirable individuals. In our
implementation, given two parent solutions, two children are generated by
simply performing a pairwise logic AND and a pairwise logic OR of the two
corresponding binary arrays. Although many other options for the operators
are possible [48], we chose to rely on those two since they have an intuitive,
clear meaning for the problem at hand: one child will contain only the topics
3.2 NewBestSub 33
which are in common between the two parents, and the other one will contain
the union of the topics of the two parents. A graphical representation of the
crossover operator is shown in Figure 3.1(b).
A proper mutation operator should not try to improve a solution on pur-
pose, since this would bias the evolution process of the population. Rather,
it should cause random, unbiased changes in the solution components. In our
implementation, mutation is performed by scanning the array left to right and
deciding, for each cell, whether to flip its value or not according to a given
probability. That is, for every topic in the vector representing the solution,
we randomly generate a number between zero and 1: if the draw number is
less than the given probability we perform the mutation (in doing so, if the
topic is included in the solution then we remove it, and vice versa). This is a
classic strategy, which has been described, for example, in [48]. A graphical
representation of the mutation operator is shown in Figure 3.1(b).
For the selection of the parent candidates, i.e., the sets of topics to be
used for the application of crossover and mutation operators, we rely on the
classic strategy implemented in NSGA-II, based on the concepts of ranking
and crowding distance: the entire population is sorted into fronts, according
to non-domination. A first front is made by the individuals which are non-
dominated. A second one is composed of the individuals which are dominated
by the elements in the first front only, and so on for the remaining fronts.
Then, pairs of individuals are randomly selected from the population; finally, a
Binary Tournament selection is carried out for each pair, considering a better-
function based on the concepts of rank (which considers the front which the
instance belongs to) and crowding distance (intuitively, it measures how close
an individual is to its neighbors). For further details see [45].
Observe that, after the offspring generation phase, the population has dou-
bled in size. In order to select the individuals to pass to the next generation,
the entire population is sorted again based on non-domination, and the best
ones, according to the same function as before, are selected (elitist criterion).
3.2.5 Fitness Function
We use two fitness functions in order to optimize two antithetical objectives:
the cardinality of the topic subset, and its correlation value with respect to
the full topic set. In particular, we investigate two instances of the problem,
forcing the constraint to find a best/worst topic set for each cardinality:
• Finding the Best topic set: the cardinality has to be minimized, while
the correlation has to be maximized.
• Finding the Worst topic set: the cardinality has to be maximized, while
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the correlation has to be minimized.
3.2.6 Choice of the Final Solution
Given the aim of the work, we are not interested in finding a single solution, but
rather we collect the best (or worst, depending on the instance of the problem
to be solved) solution for each possible topic subset cardinality. In order to
do that, we store the Pareto-front of the initial population. Then, at the end
of each iteration of the algorithm, we merge the current population with the
stored ones, keeping only the non-dominated solutions (if two solutions for
the same cardinality have also the same correlation value, then one of the
two is randomly taken). We choose to consider the best 10 subsets for each
cardinality, but a deeper analysis is possible.
3.2.7 Implementation
We implemented our algorithm named NewBestSub extending the jMetal frame-
work1 (version 5.0); jMetal is an Object Oriented framework based on Java,
used for multi-objective optimization problems through meta-heuristics. More
in detail, we extended the NSGA-II algorithm.
Concerning the parameters used for the collections (which mostly depend
on the number of topics of the collection), we use: 2,000 as population number,
i.e., the number of individuals in the population which, in our case, corre-
spond to individual topic sets; 10 million as max evals, i.e., an upper bound
on the number of evaluations carried out during the computation, and used
as a stopping condition for the algorithm; 0.3 as mutation probability and 0.7
as crossover probability, which represent respectively the probability of apply-
ing the mutation and crossover operators to the selected individuals (i.e., the
individual topic sets); finally, we choose 5,000 as average repetitions.
We implemented the software using the Kotlin2 programming language, a
multi-platform programming language developed by JetBrains, fully interoper-
able with Java.3 The software is about 2,000 lines of code (plus comments); the
full project code is available at https://github.com/Miccighel/newbestsub.
1https://github.com/jMetal/jMetal.
2https://kotlinlang.org/.




As we will discuss later in more detail, compared to BestSub, our implemen-
tation is capable of achieving higher/lower correlation values; to do so, several
runs of the evolutionary algorithm are carried out starting from different initial
populations. The final result is obtained by merging the several intermediate
outcomes; this is in fact a commonly used (and trivial) practice to improve
the results of EAs algorithms, and simultaneously to avoid overfitting. We
run some experiments with 10 executions on various datasets: when compar-
ing the correlation values obtained by running NewBestSub 10 times with the
ones obtained by a single run of BestSub we found a small but not significant
improvement in the correlation values of the Best/Worst topic in datasets with
50 topics, while major improvements (i.e., higher/lower correlation values for
the Best/Worst subset) are observed for datasets with more than 50 topics.
The software presents also some limitations: in the current version it is
not granted that, for each cardinality c, we can obtain the Best/Worst x (let
us say 10) sets. However, experimentally we found that we obtain at least
10 solutions for each cardinality when using a ground truth of 50 topics, and
at least 10 solutions for most of the cardinalities using a larger ground truth
(i.e., 1000 topics); we leave for future work to analyze the relation between
the number of Best/Worst solutions we can obtain for a given cardinality and
the selected algorithm parameters, as well as to study an alternative approach
able to avoid this problem completely.
We remark that we decided to use a state-of-the-art setting, without any
fine tuning of the parameters. By doing so, we aim to (i) avoid overfitting,
(ii) keep the implementation simple, and (iii) obtain a fast algorithm, rather
than focusing on finding the absolute Best and Worst topic subsets, which are
extreme results per-se. The latter remark is also motivated by the result by
Berto et al. [14], that shows that a high number of good topic sets exist; in
detail, [14, Figure 3] shows that for the TREC96 collection (our AH99 top96
dataset, see below), at a cardinality of half of the full topic set (i.e., 25 topics
out of a ground truth of 50) more than 50% of the topics are “good” (i.e.,




With the novel implementation of NewBestSub, we now turn to: (i) repro-
duce previous work, to see if the past results hold; (ii) compare the efficiency
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of NewBestSub with BestSub; and (iii) generalize and extend some results,
performing some novel experiments that would not be feasible with the old
BestSub.
3.3.2 Data
In our experiments we use the following nine datasets derived from TREC and
summarized in Table 3.1:
1. AH99: the dataset obtained using the full TREC-8 Ad Hoc collection,
with all the runs.
2. AH99 top96: the dataset obtained selecting from AH99 only the top96
runs, i.e., circa the top 75% of the most effective systems (this is the
choice done by Guiver et al. [60]).
3. AH99 logAP: the dataset obtained using the logAP metric (this is equiv-
alent to using the logarithm of AP values in Table 2.1).
4. AH99 logAP top96: the dataset obtained using the logAP metric on the
top runs, to further study the effect of considering the top 75% of the
most effective systems.
5. AH99@20: the dataset obtained using a shallow pool (AP@20 is used
in place of AP: values are computed considering the first 20 retrieved
documents only).
6. AH99@20 top96: the dataset obtained combining shallow pool and the
top 75% of the most effective systems.
7. WEB14: the dataset obtained from the TREC Web Track of 2014. This
allows us to include in our analysis a more recent collection, and to
compare it with TREC-8. This seems important to us since previous
results were obtained on rather old collections.
8. WEB14 top25: the dataset obtained when selecting the circa top 75% of
the most effective systems for WEB14.
9. WEB14B: WEB14 also allows us to use the official NDCG metric as well
as two binarized AP metrics: in the former we consider as not relevant
the qrels values -2 and 0, and as relevant the qrels values 1, 2, and 3; in
the latter we consider as not relevant the qrels values -2, 0, and 1, and
as relevant the qrels values 2 and 3; in the following we report results for
the former binarization since it leads to better results.
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Acronym TREC Official Name Year Topics Runs
1. AH99 Ad Hoc 1999 50 129
2. AH99 top96 Ad Hoc 1999 50 96
3. AH99 logAP Ad Hoc 1999 50 129
4. AH99 logAP top96 Ad Hoc 1999 50 96
5. AH99@20 Ad Hoc 1999 50 129
6. AH99@20 top96 Ad Hoc 1999 50 96
7. WEB14 Web Track (ad Hoc Task) 2014 50 30
8. WEB14 top25 Web Track (ad Hoc Task) 2014 50 25
9. WEB14B Web Track (ad Hoc Task) 2014 50 30
Table 3.1: The test collections used in the experiments
We decided to focus our analysis on the effects of different evaluation met-
rics, pool depth, number of systems, and collections; to do so, we choose all
our datasets to have a fixed number of 50 topics. We leave as future work the
study of the effects of varying the number of topics.
3.3.3 Reproduce Previous Work
The first experiment is to reproduce the same results as Guiver et al. [60].
Figure 3.2 shows the comparison between BestSub and NewBestSub for the
Best, Worst, and Average series. NewBestSub obtains almost the same re-
sults (i.e., correlation values) as BestSub. For some cardinalities, NewBestSub
provides slightly different correlation values from the original BestSub: for ex-
ample see, in the τ chart, cardinalities around 12 and 31 for the Best series
and cardinalities around 40 for the Worst series. The Average series appears
to be stable with 10, 000 repetitions, and overlaps perfectly with the BestSub
Average series.
3.3.4 Efficiency
Having shown that we are able to reproduce previous results, we now focus
on the efficiency of NewBestSub. To test efficiency we run two kinds of ex-
periments: (i) we keep constant the number of topics (we use 50 topics, as in
AH99 top96) and we vary the number of systems / runs, from 5 to 96 (the
number of runs in AH99 top96); and (ii) we keep constant the number of sys-
tems (we use 96 runs, as in AH99) and we vary the number of topics, from
50 to 1100 (the latter being an approximation of the number of topics in the
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For worst subsets the average stability for Average Precision across
the three goodness measures is 93%. Best subsets are somewhat
less consistent, with an average of 86%.
Note that Guiver et al. [60] do not specify how to compute the counter max/min
values. We derive that they can be computed as follows (where n is the number
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Table 3.3 shows the stability values for the Best/Worst set for all the dataset
used, plus the values for BestSub on AH99 top96. When comparing BestSub
and NewBestSub (i.e., rows 0. and 2. of the table), differently from the first
sensation from Figure 3.4, the stability values are almost identical. This is also
clear when comparing the averages of stability for NewBestSub across all the
nine datasets (last row in the table) with the old BestSub. Also, in general,
correlation values are similar across all datasets, with the stability values for
the Worst set always higher than the value for the Best set; the only peculiar
dataset is WEB14B, but the lower value for the τ Best set stability can be
caused by the binarization process.4 Therefore, these results confirm previous
findings:
• once a topic set enters in the Worst set at a certain cardinality, it tends
to remain in the Worst set also for the consequent cardinalities;
• the previous finding is less true for Best topics;
• a Worst topic set is formed by individual Worst topics, while Best topic
sets are not necessarily formed by individual Best topics. In other words,
a set formed by Worst individual topics in general is Worst, while this is
not true for Best topics.
Thus, we can conclude that the stability results of Guiver et al. [60] still hold
with the completely different heuristic that we used, and therefore it seems
unlikely that they depend on the (quite rough) heuristic they used.
4As well as by the particular nature of that dataset that is known to be rather incomplete
due to shallow pools and low number of participants [96].
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3.3.5.3 Stability of the Top 10 Best and Worst Sets
We turn now to study the stability of the top 10 Best/Worst sets, as done by
Guiver et al. [60] and Berto et al. [14]. We can generalize the stability measure
used in Section 3.3.5.2 to include the top p sets (in this case p = 10) at a given
cardinality c. Thus, as in Section 3.3.5.2, we can compute a stability value











counter max = c(p − 1).
Table 3.4 shows the stability values for the Best/Worst 10 sets at some
selected cardinality. We report the results for τ correlation values only; the
outcome for ρ correlation is similar. As we can see reading Table 3.4 column-
wise (i.e., for each cardinality), results are quite similar across collections, with
the exception of (again) WEB14 and, to a lesser extent, WEB14 top25 (see
again Footnote 4). As we can see reading the table row-wise (i.e., for each
collection), the stability values are different at different cardinality values: the
maximum stability value is reached around cardinality 20 and 30 for all the
collections, whereas the value is minimal at cardinalities of 5 and 45. But the
main remark is that, generalizing the result of Section 3.3.5.2, it is clear that
the 10 Worst sets are much more stable than the 10 Best ones. Including the
top 75% of the runs or the whole datasets changes the stability values: for
example, considering cardinality 5, the stability of the Best 10 sets for AH99
is 0.60, while for AH99 top96 is 0.49.
3.3.5.4 A Recent Collection, other Evaluation Metrics, and a Shal-
low Pool
We use NewBestSub on a more recent collection with a new evaluation metric:
the NDCG metric of the WEB14 collection. We do not show the corresponding
charts as the overall results look very similar to those of the other collections.
Some of the more specific results are quite similar as well. Including or not
the top 75% of the runs still makes a difference with WEB14 and NDCG, as
results are comparable with Figure 3.3; and stability values for the Best/Worst
single sets are similar to the other collections. On the contrary, stability values
for the Best/Worst 10 sets are lower for Web14 than for the other collections,
especially at cardinalities 5 and 45.
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Concerning using a shallow pool (i.e., AP@20), we see that when comparing
AH99 with AH99@20, results are similar both for the stability of single and
Best/Worst 10 sets.
As a final remark, we can state that the reproduced results (Section 3.3.3)
seem quite stable also on the more recent collection, when using NDCG, and/or
with a shallower pool, with very few exceptions.
3.3.5.5 Larger Ground Truth
We now briefly discuss the effect of the size of the initial topic set on the
Best and Worst series. To this aim, we design an experiment as follows: we
make use of the Robust track from 2004, which includes 249 topic and 110
runs [180]. We simulate five larger ground truth of different size by randomly
sampling t ∈ {50, 100, 150, 200, 249} topics. We then run NewBestSub on the
selected topic set. To limit noise and give stability to the results, we repeat the
process 20 times for each sampling. Finally, we compute, for each cardinality
c ∈ {1, . . . , t}, the average τ correlation over the 20 repetitions.
Figure 3.5 shows the five Best, five Worst, and five Average series for the
different five initial topic set size. Besides the usual correlation chart with
the cardinality on the horizontal axis (Figure 3.5(a)), we also show the chart
with the correlation as a function of the cardinality fraction of the full topic
set (Figure 3.5(b)), which is perhaps more informative in this case. From this
second chart we see that the initial size of the ground truth has an impact
on both the Best and Worst series; the larger the initial topic set, the higher
(respectively, lower) is the correlation for the Best (respectively, Worst) series.
The behavior of the average series is similar to that of the Best ones.
So far, the effects of using fewer topics have been studied on collections
having a ground truth of 50 topics. These results hint that these effects still
hold on larger collections, and they even become more extreme. However,
it has to be noted that there are many variables that need to be taken into
consideration, such as the topic set (i.e., different collections have different
topics), the collection task and track, the participating runs, the effectiveness
metric, etc. Therefore, we leave for future work a more systematic study
of the effect of the initial ground truth size, which is now made possible by
NewBestSub.
3.4 Conclusions
In this chapter we show that our approach based on evolutionary algorithms





50 5 2 min, 00 sec
50 10 2 min, 04 sec
50 25 2 min, 08 sec
50 40 2 min, 15 sec
50 50 2 min, 18 sec
50 75 2 min, 30 sec
50 90 2 min, 38 sec
50 96 2 min, 41 sec
(a)
Topics Runs Time k Time Speedup
NewBestSub BestSub
50 96 3 min 2 30 min 10x
50 96 3 min 3 12 hours 240x
250 96 10 min 2 1 month 4380x
250 96 10 min 3 >4 months* > 17,520x
500 96 20 min 2 >1 year* > 26,280x
750 96 35 min 2 >1 year* > 15,017x
1000 96 60 min 2 ≫1 year* ≫ 8760x
1100 96 80 min 2 ≫1 year* ≫ 6570x
* The execution was stopped before terminating.
(b)
Table 3.2: Time comparison between BestSub and NewBestSub, on varying
the number of runs (a) and the number of topics (b)
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Pearson’s ρ Kendall’s τ
Best set Worst set Best set Worst set
0. BestSub on AH99 top96 .88 .98 .84 .95
1. AH99 .85 .97 .86 .97
2. AH99 top96 .88 .98 .88 .95
3. AH99 logAP .83 .96 .85 .92
4. AH99 logAP top96 .89 .95 .82 .93
5. AH99@20 .83 .96 .85 .92
6. AH99@20 top96 .89 .94 .89 .90
7. Web14 .88 .92 .84 .89
8. Web14 top25 .87 .95 .82 .88
9. Web14B .85 .97 .61 .91
Average .86 .95 .82 .92
Table 3.3: Stability values for the Best and Worst sets using Guiver et al. [60]
measure, for ρ and τ correlation
Best 10 sets Worst 10 sets
Collection cardinality cardinality
5 10 20 30 40 45 5 10 20 30 40 45
1. AH99 .60 .74 .89 .92 .80 .65 .74 .84 .94 .93 .84 .71
2. AH99 top96 .49 .82 .92 .90 .84 .64 .71 .84 .93 .91 .72 .67
3. AH99 logAP .58 .78 .88 .88 .85 .73 .73 .83 .91 .92 .88 .73
4. AH99 logAP top96 .60 .81 .80 .86 .62 .62 .60 .86 .91 .88 .86 .71
5. AH99@20 .54 .74 .90 .83 .62 .62 .67 .82 .90 .92 .78 .56
6. AH99@20 top96 .56 .77 .94 .89 .70 .56 .67 .82 .92 .89 .71 .51
7. WEB14 .67 .72 .91 .61 .53 .22 .73 .83 .92 .93 .86 .58
8. WEB14 top25 .47 .64 .89 .46 .21 .20 .78 .82 .90 .89 .84 .62
9. WEB14B .29 .20 .47 .43 .25 .18 .69 .85 .75 .89 .82 .60
Average .53 .69 .84 .75 .60 .49 .70 .83 .90 .91 .81 .63
Table 3.4: Stability values for the Best/Worst 10 sets for τ correlation
Chapter 4
On Topic Subsets in Test
Collections
This chapter deals with the effect of using topic subsets for IR evaluation.
Section 4.1 introduces and frames research questions, Section 4.2 describes the
experimental setting. Section 4.3 discusses the results related to the first re-
search question RQ4.1, highlighting the existence of even more extreme results
when the number of topics increases. Section 4.4 focuses on RQ4.1 and ad-
dresses statistical significance, specifically discussing what kind of errors are
more likely when using fewer topics. Section 4.5 examines RQ4.1, about clus-
tering, and highlights how a rather natural approach turns out to be only
slightly more effective than randomly chosen topics. Section 4.6 summarizes
the contribution of this chapter and sketches future developments.
4.1 Introduction and Research Questions
In the previous chapters, we discussed notable results on topic subsets for
retrieval evaluation. There are a number of limitations with these past studies:
1. Researchers have examined relatively small ground truth topic sets: n =
50 [15, 60, 128] and n = 87 [29]. However, little is known about the
generality of these results for larger n. Because the existing studies
sampled from topic sets that are relatively small, as the cardinality of
the subset becomes a substantial fraction of the ground truth set, the
properties of the sample and the full set are guaranteed to become similar
and the correlations between the rankings of runs will tend to 1. The
observation in Figure 2.1 that a topic subset of cardinality 22 has similar
properties to the full set of 50 topics may not hold with a larger ground
truth. This limitation is striking in the light of recent work by Sakai [149],
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who showed that for test collections to have reasonable statistical power,
ground truth topic sets size should be at least around 200, if not higher.
Therefore the results obtained on the basis of a ground truth of far fewer
than 100 topics calls for further confirmation on higher cardinalities.
2. A limitation of past work [15, 60, 128] is that the statistical significance
of the differences between runs was not taken into account: τ values
do not explain if a different run ranking is due to minor fluctuations
or to statistically significant differences in measurement values. This is
a notable omission, in the light of recent work from Sakai [147] that
emphasizes the link between topic set size and statistical power.
3. Almost no characterization of the best topic sets has been attempted
(apart some results on stability of such sets, see e.g. Figures 5 and 6
in [60]). However, it seems intuitive that smaller topic sets should be
obtained by removing redundancy, for example by clustering topics and
selecting representatives from each cluster.
In this chapter we address three research questions:
• RQ1 What effect does a larger ground truth topic set have on correla-
tion curves? Are the results obtained in past work [15, 60, 128] confirmed
when using a larger ground truth? How does the minimum cardinality
of a topic subset, needed in order to achieve a high correlation, depend
on the cardinality of the ground truth, when using data from test collec-
tions?
• RQ2 Are the results on topic subset size, obtained in past work [15, 60,
128], still valid when statistical significance is considered?
• RQ3 Is clustering an effective strategy to potentially1 find and charac-
terize the best topic sets? Does the choice of a specific clustering setting
(features, algorithms, distance functions, etc.) make important differ-
ences? If so, what clustering settings are most effective in finding topic
sets featuring high correlations?
4.2 Experimental Setting and Data
We describe the test collections, methods, and means of evaluation used in our
experiments.
1Consistently with this line of research (see Footnote 2), we investigate clustering of
topics using an a posteriori setting; thus, we study an after-evaluation characterization of
Best topic subsets, but do not aim at providing a methodology to find such subsets in
practice.
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Table 4.1: Test collections used for all experiments.
Acronym TREC Year Topics Total Used
Collection Runs Runs
AH99 Ad Hoc 1999 50 129 96
R04 Robust 2004 249 110 82
TB06 TeraByte 2006 149 61 49
MQ07 Million Query 2007 1153 29 26
4.2.1 Data and Collections
Our experiments require test collections with more than 50 topics, and for
which a sufficient number of runs are available to be analyzed. The three
instantiations of the Million Query track collections feature more than 1, 000
topics each year that are sampled from a query log. We use the data from the
2007 track. However, the Million Query datasets are not free from disadvan-
tages: runs are evaluated using the statMAP and E[MAP] metrics, which are
slightly different from classical Mean AP (MAP),2. In addition, not as many
runs are available (25-35). We also employ the TREC 2004 Robust and 2006
TeraByte track collections, using automatic runs only. To enable a compar-
ison with the results obtained in previous studies [15, 60, 128], we also use
the TREC 8 ad hoc (AH) track (1999). Table 4.1 summarizes the four test
collections. For the analyses in this work, when not otherwise noted, we work
on a subset of the runs. As is usual for the analysis of TREC run data (see e.g.
Voorhees and Buckley [181]), we remove the least effective runs, obtaining the
number of runs in the last column. For AH99 we removed the 25% least effec-
tive runs to have the same situation as in prior work [15, 60, 128]; for R04 we
did the same; for TB06 and especially MQ07, which feature a smaller number
of runs, we removed fewer (20% and 10%, respectively). The number removed
was determined by manually examining the distribution of run effectiveness
values, and pruning runs with a clear drop in effectiveness compared to others
that are ranked higher.
4.2.2 Software
For our analysis, we employed both the BestSub software that was used in
previous studies [15, 60, 128], and its genetic implementation [140], detailed in
the previous Chapter. The number of all subsets of a topic set of cardinality
2The effect of statMAP, on which we focus in this chapter, is discussed in more detail in
Section 4.2.3
50 On Topic Subsets in Test Collections
n is 2n. The number of all possible topic subsets of cardinality c drawn from







. Therefore, the BestSub software uses a heuristic
to cope with the combinatorial explosion. The heuristic builds the best set of
cardinality c+1 on the basis of the best set of cardinality c by looking at those
subsets of cardinality c + 1 that differ from the best set of cardinality c by at
most k topics. In the previous studies, k = 3.
Since in our case n > 50 (i.e. 149, 249, and 1, 153), the complexity is higher.
This would mean that using BestSub was impractical, with months if not years
of computation time required, even by resorting to lower k values. We therefore
used also its genetic counterpart [140]. This change has no effect when tested
on small cardinalities: both versions of BestSub produce almost completely
overlapping and graphically indistinguishable correlation curves. For higher
cardinalities, the curves obtained are not distant from interpolating the curves
from BestSub. We also needed stable results to work on the percentiles (as we
discuss below). For this reason, the average correlation curves are obtained by
averaging one million samples in place of 50, 000 that was used in past work.
Again, this larger sample did not substantially affect the average curves.
Using such heuristic searches means that the best and worst curves are not
optimal: there could be topic sets that are even better or worse. However,
correlation values should not change significantly, as shown by Guiver et al.
[60, Section 5.1].
4.2.3 Effectiveness Metrics
The MQ07 collection differs from the other collections in that it uses statAP
and statMAP (together with E[MAP], that we do not use in this chapter),
rather than AP and MAP, as its primary evaluation measure. The measure
[2, 29, 124] is a version of MAP that is used to create a pool with a sampling
strategy: each document is associated with an inclusion probability, used both
to decide whether a document is in the pool, and to weight the importance
of the document when computing the metric. Since the differences between
statMAP and MAP may have implications for our analysis, we consider two
approaches for comparing them.
The first is to produce scatter plots showing how the run ranks change
when using the two metrics. This has been explored several times, and on
different datasets, in previous work, e.g. over AH99 data by Pavlu and Aslam
[124, Figure 7], and over TB06 data by Allan et al. [2, Figure 5]; both analyses
showed that while variations exist, they are limited.
A second approach is to compare the correlation curves produced by Best-
Sub when using statMAP and MAP. To do so, we re-evaluated AH99 using
statMAP. We selected the 57 runs in AH99 for which the statMAP sampling al-
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results in Section 4.3.2, followed by descriptions of best, average, and worst
curves in Section 4.3.3. In Section 4.3.4 we compare our results with those by
Hosseini et al. [76] and, finally, the worst sets are analyzed in more detail in
Section 4.3.5.
4.3.1 A Simulation Experiment
Intuitively, given a larger initial topic set, it will be easier to find good (and
bad) subsets, as the degrees of freedom increase. Analogously, when the num-
ber of runs in a test collection decreases, it should be easier to find good (and
bad) topic subsets, as it is simpler to reorder fewer items in a given way since
the size of the gaps between the runs becomes larger and the number of con-
straints is smaller. To have a first, less qualitative and more concrete, insight
on what might happen when varying the number of topics and runs, we per-
form the following experiments. We randomly generate synthetic AP values
for datasets having different sizes of topics (20, 50, 100, 1000) and runs (25,
50, and 100), using two strategies: (i) we generate random AP values normally
distributed (N (µ, σ2)), setting the µ and σ2 parameters equal to the real µ
and σ2 values of AH99; and (ii) we randomly sample with replacement real
AP values from AH99 thus obtaining the same distribution of AH99. We then
run BestSub on the synthetic datasets to obtain the best, worst, and average
correlation values at each topic subset cardinality.
Figure 4.2 shows the results as correlation charts having the fraction of the
full set of topics cardinality on the x-axis and τ on the y-axis. The four charts
of the first two rows are obtained by using 50 runs and varying the number
of topics. They clearly show that correlation curves become more extreme as
the number of topics in the ground truth increases. The effect on the average
curves (not shown) is less clear but are much smaller as they are quite similar
to each other.
When using a fixed ground truth of 100 topics and varying the number of
runs, the results are similar. The four charts on the last two rows of Figure 4.2
show the correlation curves when varying the number of runs and using 100
topics; the best and worst correlation curves become more extreme as the
number of runs decreases, as expected (and the correlation for the average
series does not vary much). This is perhaps a less interesting result than the
previous one, since the number of topics is related to test collection design
and can be decided when building a test collection, whereas the number of
runs depends on factors that are more difficult to control. Therefore in this
chapter we focus on the number of topics. Regardless, this confirms that the
number of runs in a test collection can have an effect. Overall, comparing
the two sampling strategies (i.e., the left and right columns in Figure 4.2) we
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see that their behaviour is similar, although not identical, when considering a
fixed number of both runs and topics.
The results of this simulation experiment hint that the extreme nature of
the curves found in previous studies [15, 60, 128] not only is confirmed on
datasets with a larger topic set ground truth, but it can even become more
striking in some cases. For example, in the worst curve for 1000 topics, even
75% of the topics (i.e., 750) would rank the 50 runs in almost the opposite way
to the full topic set. Note that this is a setting similar to MQ07 (see Table 4.1):
if these results were confirmed in the real datasets, they might have important
practical implications.
However, the simulation experiment has some limitations: it relies on as-
sumptions that might be not true in a real-world scenario, as different collec-
tions have different distributions and parameters, and complex systems topics
interactions exist, as shown for example by Urbano [174] and Urbano and
Nagler [175]. For example, the charts on the left in Figure 4.2 need to be
interpreted with care, as real AP values are usually not normally distributed
in practice. When running the Anderson-Darling normality test on each of
the four test collections that we use in this chapter (see Table 4.1), the set of
all AP (or statAP) values for all topic/run pairs is not normally distributed
(neither with p < 0.05 nor with p < 0.01). When considering the AP values
for each single run, the distribution of values is not normal, accordingly to the
same test, for 186 (p < 0.01) and 219 (p < 0.05) cases out of the total 253. By
using random AP values we are assuming that the AP values of one run across
different topics and the AP values of one topic across different runs are inde-
pendent, both of which are false as usually the performance of a system across
topics is relatively stable, and each research group submits usually many runs,
which are somehow related.
Summarising, real test collections include many more variables and interac-
tions than what our simulations can capture: the number of runs, dependencies
between runs, the similarity and documents overlap of run variants, the topic
system interactions [174, 175], etc. Moreover, it is of course interesting to
see what happens in a real dataset, and in particular if there are particular
“pathological” cases that might have occurred. For these reasons we turn to
experiments on the real datasets.
4.3.2 General Results
Figures 4.3 and 4.4 show correlation charts for the three new datasets TB06,
R04, MQ07, as well as AH99 (correlation values are obtained using statMAP
for MQ07 and MAP for the other datasets). Correlation is measured using
τ . We plot best, average, and worst in separate charts. We also plot the
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best and worst 1% topic subsets found. In the graphs on the left side of the
figures, the x-axis shows subset size measured by cardinality; the graphs on the
right, subset size is measured as the cardinal fraction of the ground truth set.
The graphs on the left have 250 as maximum cardinality so that we can fully
represent the curves for AH99, TB06, and R04. As a consequence, the MQ07
curves are truncated, but their complete trend can be seen in the graphs on
the right. To avoid clutter, we do not plot the markers for all cardinalities:
on the left hand side markers are shown at multiples of 5, plus cardinality 1
and full set. On the right hand side, a marker is plotted at each multiple of
5% (or, when not available because of rounding, the closest value), plus the
1% marker. The lines in the charts are not interpolations, they follow the real
values at each cardinality.
While there are similarities between the current charts and those previ-
ously published, the best and average curves seem higher when the ground
truth cardinality increases (as predicted by the simulation experiment in Sec-
tion 4.3.1). The worst curves are lower, particularly for the MQ07 dataset.
For example, for the MQ07 W4 curve, a τ of 0 is reached at around 0.45 of
the full cardinality set (around 500 topics) and a τ of 0.5 is reached at 0.8
(around 900 topics). In other words, it would appear that one can build a
subset of around 500 MQ topics that ranks the runs randomly, compared to
the ground truth. A subset of 900 topics can be found that ranks the runs in
a still different way to the ground truth set. We analyze these curves in more
detail in the following.
4.3.3 Best, Average, and Worst Curves
4.3.3.1 Best Correlation Curves
From the best correlation curves we see that fewer topics can potentially be
used on ground truth cardinalities of n ≫ 50: the MQ07 B curve is highest,
followed by R04 B and TB06 B, which are in turn both consistently higher than
AH99 B. This answers the research question RQ1 by supporting, together with
the experiment on synthetic data described in Section 4.3.1, the hypothesis
that having a larger topic set as ground truth increases the possibility of finding
a subset of good topics, thereby leading to higher correlation curves.
A further confirmation of that hypothesis comes from the fraction curves
(right-side). Here, the two best curves R04 B and TB06 B are almost ex-
actly overlapping, and they both stay well above the best curve AH99 B. The
MQ07 B is even higher. Compared with the previous three studies [15, 60, 128]
4We use the suffix B/A/W to indicate the correlation curve for the best/average/worst
topic set.
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we see that when using a higher cardinality ground truth (149, 249, or 1, 153
topics in place of only 50), run effectiveness can be predicted by using even
fewer topics.
When comparing across the four test collections, it is prudent to examine
other properties of the collections that might impact on the trend observed.
One can see from Table 4.1 that as well as a change in ground truth topic
cardinality, there is also a change in the number of runs associated with each
of the test collections and that this might impact on the τ values.
Sanderson and Soboroff [152] illustrated that the range of scores that a
set of runs have has the greatest impact on τ and other correlation measures.
As will be seen in Figure 4.5, the range of scores of the runs is similar across
the four test collections. However, as discussed in Section 4.3.1, a decreasing
number of runs is another factor leading to more extreme curves. In fact, if
the goal is to find extreme topic sets, as the number of run increases, there
are more runs that need to be re ordered, and the chances of finding extreme
topic subsets is lower. Although we leave to future work a complete study
of the interplay between the number of topics and of runs, we observe that
the effect of the number of topics seems to dominate that of the number of
runs, as it can be seen by comparing the worst curves of R04 and TB06 and
observing that R04 is clearly the most extreme. The reason is that R04 has
more topics than TB06; even if R04 also has more runs (which leads to less
extreme curves), this is less important.
4.3.3.2 Average Correlation Curves
When examining the average τ across topic subsets, we see that τ for AH99 A is
higher than R04 A, TB06 A, and MQ07 A: on average, by selecting a random
subset of topics of a given cardinality, this appears to be a better predictor of
run rankings in the AH99 dataset than in R04, TB06, and MQ07. Returning
to the example in Figure 2.1 an average topic subset of cardinality 22 drawn
from the collections with larger ground truth has a lower τ than on AH99.
The corresponding fraction curves tell a different story however: on average,
by selecting a given fraction of the ground truth, the topic subset of AH99
turns out to be a worse predictor of run rankings than that of R04, TB06, and
MQ07. Collections with larger ground truths appear to need a smaller fraction
of topics to achieve high values of τ .
A particular feature of the MQ07 A curve is that its trend seems more
similar to the best than to the average curves of the other datasets. For this
dataset, on average, a good prediction of run ranks can be obtained with a
small fraction of topics (around 5-10%) and a very good prediction of run
ranks can be obtained with 20%. This result needs to be examined on other
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test collections with similarly large topic sets.
The curves for R04 and TB06 on the fraction charts are almost exactly
overlapping. This might be an indication that a ground truth of cardinality
50 is somewhat different from a larger ground truth. There might be some
numerical/statistical effect that does not appear when using only 50 topics.
4.3.3.3 Worst Correlation Curves
The most noticeable difference between AH99 and the larger datasets is in the
worst curves: whereas best and average are broadly similar to past work, the
worst curves are quite different.
The correlation values for the worst curves are strongly negative. This
is a novel situation, not observed in the previous three studies [15, 60, 128]
where τ values were at worst negative with a low absolute value (around −0.2).
Negative correlations show topic subsets that evaluate runs in broadly opposite
ways. Also, the negative correlation values in R04 W persist for cardinalities
much larger than 50, the usual number of topics used in evaluation exercises.
The MQ07 W curve is even lower and stays below −0.5 up to 250 (and, as can
be seen from the fraction curve on the right, even up to 300).
Although this is something expected after the simulation experiment in
Section 4.3.1, it is somehow striking that on MQ07, a subset of more than 250
topics can be found that negatively correlates with the ground truth topic set.
As mentioned above, a set of around 45% of the MQ07 topics (around 500
topics) results in a τ of zero.
Note, the reason three of the curves drop as the cardinality of the topic sets
increase from 1 is due to the degrees of freedom there are when searching for





initially increases as c gets
larger. Therefore, the range of possible topic sets that are searched to find the
worst also gets larger.
4.3.3.4 Best and Worst First Percentile Curves
Given the extreme nature of the best and worst curves, we also computed the
average τ of the best and worst 1st percentile of topic subsets. Figure 4.4 shows
the resulting charts.
The Best 1% curves emphasize that although the quest of finding the best
topic subsets is rather difficult since they are extremely rare, reasonably good
results that can more easily be obtained in practical cases do exist. The Worst
1% curves are less worrying than the Worst ones, since they do not feature
the same extremely low, if not negative correlations. Although these curves
look more like those from the Average, it is worth noting that when trying to
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AH99 R04
20% 40% 60% 20% 40% 60%
Best 0.92 0.96 0.97 0.97 0.98 0.99
Best 1% 0.86 0.91 0.94 0.91 0.95 0.97
Average 0.80 0.87 0.91 0.85 0.91 0.94
Worst 1% 0.70 0.81 0.87 0.76 0.86 0.90
Worst 0.48 0.64 0.77 0.17 0.43 0.63
Oracle 0.88 0.93 0.95 0.90 0.92 0.94
Adaptive 0.83 0.90 0.93 0.77 0.87 0.91
Random 0.72 0.77 0.87 0.68 0.80 0.85
Clustering 0.79 0.88 0.93 0.84 0.92 0.95
Table 4.2: Kendall’s τ values for comparison with Hosseini et al. [76]’s results.
All runs used.
find subsets of topics for an effective test collection, a low positive correlation
is not satisfying either. For example, the R04 1st percentile curve has low τ
(< 0.6) even for cardinality 45, and the MQ07 1st percentile curve has a τ of
about 0.75 at cardinality 250. These are not extremely unlikely topic sets, and
it is possible that some test collections have been created with topics that rank
runs quite differently from what might be expected.
4.3.4 Comparison with Hosseini et al. [76]’s Results
Hosseini et al. [76] report in their paper some numeric correlation values for
the AH99 and R04 collections to which we can compare. Since Hosseini et al.
use all the runs in a collection, for this comparison we performed again our
experiments using all the runs instead of the top 75% (thus, 129 for AH99 and
29 for MQ07, see Table 4.1), and all the values reported in this section concern
such a setting.
Table 4.2 shows the results of the comparison. The first five rows in the ta-
ble report Kendall’s τ correlation values obtained for best, best 1st percentile,
average, worst first percentile, and worst subsets at the specified fractions
(20%, 40%, and 60%) of the full set cardinality, for the two collections AH99
and R04. Since we are using all the runs in this computation, the results do
not exactly match with those presented in previous Figures 4.3 and 4.4. The
next three rows in the table are the values reported in Hosseini et al. [76, Ta-
ble 1]: “Oracle” is their attempt to find the highest possible correlation, and
so it somehow corresponds to our Best topic subsets; “Random” is a random
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selection of topics, so it should correspond to our Average; and “Adaptive”
values are those obtained by their topic selection algorithm. The values in the
last row of the table will be discussed when focusing on RQ4.1 on clustering
in the following.
We can draw several remarks.
• When comparing the correlation values in the first five rows of the table
with those obtained on the top 75% runs (Figures 4.3 and 4.4), it is clear
that the correlation values obtained using all systems are higher. This
is expected, as the bottom runs are usually consistently ineffective on
all topics. In other terms, focusing on the top systems only as we are
doing in this chapter is a more difficult setting for our task than using
all systems.
• When comparing our Best with Hosseini et al.’s Oracle, we note that Best
values are always higher than Oracle. Indeed, Oracle is always closer to
Best 1% than to Best, and for R04 it is even closer to Average than to
Best.
• When comparing Average with Random, we expected no differences, but
it turns out that some clear differences exist. Our Average values are
clearly higher than their Random. Indeed, Random is always closer
to, and often lower than, Worst 1%. We have not been able to ob-
tain the original code used by Hosseini et al. to replicate their exper-
iment and although we tried, we could not obtain their values. We
double checked and we are quite confident that Average values are cor-
rect, for several reasons: they correspond to the values in previous work
[15, 60, 128] obtained with the different implementation of BestSub (see
Section 4.2.2); the new implementation of BestSub is publicly available
(https://github.com/Miccighel/NewBestSub) and it has been flaw-
lessly used in other experiments [140, 141], including some specifically
aimed at reproducing previous results [140, Section 4.3]. As a further
check, we also reproduced the random series of the plots in [89, Figure 1]
for two datasets (Robust 2003 and 2004 reduced to 149 topics): also in
this case our average values correspond to Kutlu et al. random ones.
• When looking at the Adaptive values (that will be further analyzed in the
last part of this chapter), one can notice that Adaptive is clearly higher
than Random (the baseline used by Hosseini et al.) but, as a consequence
of the previous remark, it is very similar to Average for AH99 and even
always lower than Average for R04. Therefore, it turns out that Adaptive
is not effective when compared to our, higher, baseline.
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4.3.5 Worst Subset Analysis
Although exceptionally rare, the very worst topic subsets feature extremely
low correlations. In this section we try to better understand how the subsets
produce such low τ correlations.
4.3.5.1 Overlap
Examining intersections between the best and worst topic subsets, we find
that there is a quite large overlap between them: at cardinality 100, R04 and
MQ07 have a topic overlap of around 40%. This means that it is possible to
select a set of 40 topics, then to add to it either a first or a second set of
60 (different) topics, and obtain completely different, even almost opposite,
rankings of runs.5
A possible explanation for this overlap could be that there are two small
subsets of topics, one good and one bad, that are used to build the low cardi-
nality best and worst sets; then a set of common “neutral” topics are added to
both to obtain the higher cardinality sets. However, this needs further study,
as this possibility is not consistent with the data, since the 40% overlap can
be found from cardinality 50 up to 200.
4.3.5.2 Comparing Worst with Best
It is also possible that some conceptual features of the topic subsets exist that
could explain the low correlations. Therefore, some of the worst topic subsets
are characterized here for analysis. We manually selected illustrative topic
subsets that have low τ correlations and high cardinalities:
• TB06: cardinalities 50, 75, 100, and 125.
• R04: cardinalities 50, 100, 150, and 200.
• MQ07: cardinalities 50, 100, 200, and 250.
These are the subsets represented by black markers in Figure 4.3. Figure 4.5
shows scatter plots for these subsets. We see that the effectiveness measure
computed on the worst subset (y-axis) usually has both a smaller range and
lower values when compared to the measure computed on the ground truth
set (x-axis). This is especially true for MQ07, but the same effect can also be
found on the other datasets. To better understand this observation, the mean
effectiveness over all topic subset cardinalities was computed for the best and
worst topic subsets. The results are shown in the left part of Table 4.3. It can
5Note, the overlap that we find might be an effect of the heuristic used; we can say no
more than it is possible to build a best and a worst set of topics with a high overlap.
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Table 4.3: Effectiveness measures (MAP, except statMAP for MQ07) over the
best and worst subsets and between ground truth.
Av. Effectiveness of Subset Subset ∆ from Ground Truth
AH99 TB06 R04 MQ07 AH99 TB06 R04 MQ07
Best 0.298 0.277 0.264 0.148 0.017 0.036 0.025 0.092
Worst 0.201 0.263 0.224 0.049 0.080 0.050 0.066 0.191
be seen that the best subsets contain topics that lead to higher effectiveness
values than the worst subsets. The right part of the table shows the ∆ between
the average subset effectiveness and the ground truth effectiveness. As might
be expected, in all cases the best subsets contain topics that lead to values
more similar to ground truth effectiveness.
4.4 RQ4.1: Statistical Significance
We now turn to RQ4.1. While the previous results demonstrate that it is pos-
sible to find topic subsets that lead to run rankings that are highly correlated
with the rankings obtained when using a full (ground truth) set of topics, in
order for one run to be considered more effective than another, a statistical
significance test is usually carried out. The number of topics that are used
to evaluate effectiveness has a direct impact on significance calculations. For
example, for a paired t-test, the test statistic includes the sample size [115],
and the larger the sample, the lower the p-value. In IR experiments the sample
size is the number of topics. Some analysis of statistical significance is there-
fore due in the fewer topics scenario. We present two different and somehow
dual approaches to do such an analysis in the next two subsections: the first
approach is based on the work by Sakai [149] that determines the number of
topics needed when aiming at a given statistical power; the second is aimed at
determining the amount of error that is introduced when using topic subsets,
as well as at understanding what kind of errors are made.
4.4.1 Power Analysis
Sakai [149] recently proposed three methods to compute the cardinality of
a topic set size to ensure that a test collection has enough statistical power
to distinguish effectiveness of the systems/runs. The methods compute the
estimated topic set size on the basis of three different tests:
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Table 4.4: Number of estimated topics using the first method, based on t-
test. The required σ2t parameter has values 0.096 (for AH99), 0.071 (TB06),
0.100 (R04), and 0.118 (MQ07). The values in bold represent the maximum
and minimum estimated number of topics for the given parameters, for each
collection.
AH99 TB06 R04 MQ07
α β
minDt minDt minDt minDt
.05 .1 .2 .05 .1 .2 .05 .1 .2 .05 .1 .2
.01
.1 575 147 40 426 109 30 599 153 41 706 179 48
.2 452 116 32 336 87 25 471 121 33 554 142 38
.05
.1 406 103 28 301 77 21 422 106 29 498 126 33
.2 304 78 21 225 58 16 315 81 22 373 95 26
• Method 1, based on t-test, and used when one wants to compare two
system scores, or the score of one system against all the other systems.
• Method 2, based on one way ANOVA, and used when one wants to
compare the scores of more than two systems, or to compare all systems
against each other.
• Method 3, similar to Method 1, but it allows one to specify a confidence
interval δ to ensure that the outcome of this test is bounded with pre-
cision δ. As Sakai points out: “a wide confidence interval that includes
zero implies that we are very unsure as to whether systems X and Y
actually differ”.
We computed and/or estimated the parameters required by Sakai’s meth-
ods and ran them on our four collections, using the software (Excel spread-
sheets) provided by Sakai. Tables 4.4, 4.5, and 4.6 show the results.
The topic set size cardinalities in Table 4.4 are those required to find sta-
tistical significance when comparing two systems, or a system against a set
of other systems (e.g. when trying to understand if system s1 is better than
both systems s2 and s3). The three parameters are: α, which is the prob-
ability of Type I error (to find a difference that does not exist; that is, one
concludes that s1 is more/less effective than s2 but this is not true); β, which
is the probability of Type II error (not to find a difference that does exist;
that is, one does not conclude that s1 is more effective than s2 when it is in
fact better); and minDt, which is the minimum detectable difference in MAP
values. We use the same values for these three parameters as adopted by Sakai
in the examples in his paper. minDt is computed considering the estimated
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Table 4.5: Number of estimated topics using the second method, based on
ANOVA. The required σ2 parameter has values 0.048 (for AH99), 0.036
(TB06), 0.050 (R04), and 0.59 (MQ07). The values in bold represent the
maximum and minimum estimated number of topics for the given parameters,
for each collection.
AH99 TB06 R04 MQ07
α β
minD minD minD minD
.05 .1 .2 .05 .1 .2 .05 .1 .2 .05 .1 .2
.01
.1 2352 588 147 1341 336 84 2295 574 144 3446 862 216
.2 2001 501 126 1131 283 71 1948 487 122 2879 720 180
.05
.1 1860 465 117 1050 263 66 1810 453 114 2669 668 167
.2 1529 383 96 855 124 54 1485 372 93 2151 538 135
Table 4.6: Number of estimated topics using the third method, based on confi-
dence intervals. The required σ2t parameter has values 0.096 (for AH99), 0.071
(TB06), 0.100 (R04), and 0.118 (MQ07).
α δ AH99 TB06 R04 MQ07
.01
.05 1019 754 1061 1253
.1 255 189 266 314
.2 64 48 67 79
.05
.05 591 437 615 726
.1 148 110 154 182
.2 37 28 39 46
within-system variance from past collections, σ2. To compute σ2 we used, as
Sakai suggests, Formula (36) of Sakai [149], that is the residual variance from
one-way ANOVA computed considering all the AP values for a given collection
(i.e., all the systems and all the topics): we applied Formula (36) to our collec-
tions when using the AP (statMAP for MQ07) metric. As discussed by Sakai
[149, Section 3.2], σ2 represents the common system variance computed under
the so called homoscedasticity assumption, which means that σ2 is considered
to be common for all the systems. Carterette [31] shows that this assumption
does not hold for IR evaluation, and discusses how this fact is not important;
indeed, as remarked by Sakai [149, Footnote 16], ANOVA is widely used in the
IR field.
The values in the table (the estimated required number of topics) range
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from 16 to 706. Besides the considerations that could be made on the values
of the three parameters α, β, and minDt (probabilities of Type I and II errors,
and the minimum detectable difference), what is important to note for our
purposes is that quite often the required number of topics is even higher than
the cardinality of the full topic set size for the corresponding collection.
This is even more true when using the second method (based on ANOVA),
see Table 4.5: in this case values range from 54 to 3446. The parameters for
this method have a similar meaning to the previous method based on the t-test,
with some technical differences. It is important to notice that the estimates
obtained with the second method are probably more related to the approach in
this chapter, since we generally compare all the systems together, rather than
a single system to the other ones. The third method returns intermediate
results (see Table 4.6).
This analysis led to reappraising the results on the best correlation curves:
whereas it is true that small good topic sets exist, using them would, unsur-
prisingly, lead to less statistical power (which is defined according to Sakai
as 1 − β, and represents the capability of finding a difference between system
scores which is statistically significant), or in other words it is a move away
from the number of topics required to have such statistical power.
We note that this approach [149] does not directly quantify how much
statistical power we are losing when using the smaller good topic sets. In
future work we intend to further explore the relationship between the factors
of (sub-)topic set size and quality, and statistical power. Moreover, this method
does not consider what kind of errors are made: when using fewer topics, there
are different possible specific outcomes besides the result of a statistical test:
one might find significance for a sub-set while according to the full set of topics
there is not, or vice versa one might not find significance for a sub-set while for
the full there is; one might even find statistically significant disagreement; and
so on. For these reasons, we conducted another, more general, experiment,
described in the following subsection.
4.4.2 Statistically Significant Agreement and Disagree-
ment
We conduct an empirical investigation into the relationship between the num-
ber of topics considered in an IR experiment and the observed outcomes of
statistically significant differences between runs. We first discuss some method-
ological issues and then describe our experimental results.
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4.4.2.1 Methodology
Consider a typical IR effectiveness experiment, where a researcher is seeking to
demonstrate that one retrieval approach is superior to another. The researcher
chooses a test collection consisting of (say) 50 topics, and generates two sets of
50 effectiveness scores (two runs). If the mean score for one run is higher than
that for the other, it is standard to carry out a significance test such as a paired
t-test. This will indicate whether the two scores are indeed likely to come from
populations with different means, at some specified level of confidence.
We are interested in investigating the question: if the researcher had carried
out the same experiment but with a subset of topics, would the same results
have been observed? This is somehow related to a similar question that has
been investigated by [145], who studied the effect of collection incompleteness
on the discriminative power using Sakai’s bootstrap sensitivity method; how-
ever, we focus on subsets of topics rather than subset of documents. More
concretely, let us consider a test collection with a ground truth set, G, of top-
ics of cardinality b. Let there also be a subset of topics, S, with cardinality a,
where a < b. For a pair of runs X and Y, calculate their MAP using topic set
S, and carry out a paired 2-tailed t-test to determine whether the difference is
statistically significant. Repeat the process for the same pair of runs, but using
the topic set of full cardinality, G. There are five possible outcomes [112]:
• SSA: run X is significantly better than run Y on both topic sets, S and
G.
• SSD: run X is significantly better than run Y on one topic set, but Y is
significantly better than X on the other topic set.
• SN: one run is significantly better than the other on topic set S, but
there is no significant difference on topic set G.
• NS: one run is significantly better than the other on topic set G, but
there is no significant difference on topic set S.
• NN: there is no significant difference between the runs on either topic
set.
The first two letters of each label indicate the outcome of the experiment
(Significant or Not significant) on topic set S and G, respectively, while A and
D stand for Agreement and Disagreement, respectively. Note that only two of
the five outcomes, SSA and NN, are cases where consistent conclusions would
be drawn from the experiments regardless of which topic set is used. For the
other three, a researcher who happened to use a topic subset S would reach a
different conclusion about relative run effectiveness, than if they had used the
ground truth G.
When considering topic subsets, it is desirable to maximize the number of
4.4 RQ4.1: Statistical Significance 65
SSA and NN cases (SSA if the researcher is looking for a publishable result),
and to avoid SN and NS cases (where significant differences are found with one
topic set but not with the other) and in particular SSD (where significant dif-
ferences are found with both topic sets, but with different runs being indicated
as being better).
4.4.2.2 Results
The results of the simulated experiments are shown in Figure 4.6 for the four
collections (columns), and for the best, random,6 and worst subsets (rows).
For each sub-figure, the x-axis shows the cardinality of topic set S, which is
being compared to the full cardinality ground truth, topic set G. The y-axis
shows the proportion of occurrences for each of the five experimental outcomes:
SSA (blue), NS (green), SN (yellow), SSD (red) and NN (orange). It can be
observed that when the subsets reach their maximum cardinality (on the right
of the plots), only two outcomes are possible, SSA and NN. This must be the
case, since at full (ground truth) cardinality S and G are the same, and so
the outcomes of the two experiments are identical. (Recall that in the MQ07
collection, subsets do not reach full cardinality by 250.) When the full topic
sets are used, SSA is dominant, accounting for around 55–70% of cases. This
is reassuring, since it shows that using the full collections, it is possible to
statistically distinguish between the runs more often than not.
The figures also clearly confirm that the larger the cardinality, the higher
the likelihood that the same significant evaluation results will be observed as
when using the ground truth topic set. The NS class shows the cases where
a significant difference would be found between two runs using G, but no
corresponding difference is found when using S. For these cases, the reduction
in topic set cardinality has compromised the ability of the significance test to
identify significant effects, a false negative. Moreover, when comparing the
charts “horizontally”, the NN orange areas decrease with the full cardinality
of the dataset, in both best and random, while the SSA blue areas increase.
As expected, results tend to be statistically significant more often when the
full cardinality of the ground truth is higher.
Considering the best, random, and worst topic subsets, over all four collec-
tions, as cardinality increases, the best subsets lead to the most rapid maxi-
mizing of the SSA class (and quickest reduction of the NS class), though on the
MQ07 collection, the best subset is only somewhat better than random. The
6Here, for speed of calculation reasons only a single random topic subset is drawn from
the set of all topic subsets of a given cardinality. The histograms of random are consequently
more “spiky” than if we averaged several random subsets. However, the broad signal of the
result is still visible in the plots.
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best subsets, besides allowing to use fewer topics in evaluation, also lead to
finding SSA results (both in agreement with the ground truth and statistically
significant) more often than random topic subsets.
The worst subsets lead to experimental significance results that have the
least correspondence with the ground truth topic set. Perhaps unsurprisingly,
the heuristic that selected the best and worst subsets, which was optimized
to maximize and minimize τ respectively, also maximized and minimized on
significance.
The size of the SN category (false positive) is generally very small – there
are few cases where significant differences are detected on S while no signifi-
cance is found on G.
The most problematic case, SSD, where one run is significantly better than
another on topic set S, while the other run is found to be significantly better on
topic set G, is fortunately rare, although it should be noted that it is possible,
for all collections except AH99, to find a (worst) subset of topics of rather
high cardinality that would lead to such contradicting results. In particular,
for the MQ07 collection, even by cardinality 250, for the worst subset, the
proportion of SSD cases is substantially higher than SSA cases. In other
words, the worst chart for MQ07 shows that we can not only generate a topic
subset of cardinality 250 with strong, and statistically significant, negative
correlation with the full set (as already shown by the MQ07 series in the worst
plots in Figure 4.3 and, more in detail, by the last plot of Figure 4.5), but
moreoever that the “aberrant” subset of MQ07 topics of cardinality 250 would
also feature a very small amount of SSA and NN, and many NS and even SSD.
Experiments using that subset would lead a researcher to derive a statistically
significant result that is very different from the full set. Whether this is a
temporary manifestation, or is maintained into higher cardinalities, needs to
be investigated in future work. However, it must be noted that best, random,
and worst charts for MQ07 are consistent with the other datasets (once the
fact that we do not reach the full cardinality for MQ07 is taken into account).
By and large the NN cases stay constant over the best and random topic
subsets and there is only some variation of these on the worst subset.
4.4.2.3 Conclusions
Overall, this analysis demonstrates that while it is possible to find a subset of
topics that lead to run effectiveness rankings that are highly correlated with
rankings from a ground truth set, a side effect of doing so is that a researcher
is sacrificing the ability to identify statistically significant differences between
runs.
An experimenter using a topic subset in general does not risk having to deal
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with false positive significant results, however, they do risk having a number of
false negatives in their experiments. As seen in the ratio of SSA to NS in the
plots, the magnitude of the problem reduces as the subset cardinality increases.
Indeed, many experimenters might view a small amount of NS acceptable if it
means they can build their test collection more quickly using fewer resources.
Perhaps more worryingly, it is difficult to state that the topics used in IR
test collections are sampled randomly and independently from the population
of all topics: TREC topics are created by analyzing the document collection
and by selecting those topics that, for example, guarantee a minimal number
of relevant documents. The bias introduced by such a process is far from being
clearly measured. Therefore, one might question the general applicability, in
IR evaluation, of statistical tests which usually require specific conditions, and
how much confidence one should attach to such results in terms of estimating
the generalizability of experiments to larger topic sets.
4.4.2.4 Caveat
It should be noted that this simulation of typical IR experiments includes a
large number of pairwise significance tests. One might therefore argue that
corrections for multiple testing, such as the Bonferroni correction [52], should
be applied. However, while individual researchers might use such corrections
from time to time, the fact is that IR test collections are used again and again,
often to compare against standard baselines, and there is no way of knowing
what corrections should be made to account for all (reported as well as un-
reported) tests that are ever carried out by the population of IR researchers
as a whole. Not applying multiple comparison corrections is therefore a more
accurate simulation of the typical IR experimental environment. This choice
is also supported by Carterette [31], who argues that it is not clear how to
properly correct values in a TREC-like setting, or whether it should be done
at all. In this respect, it has to be remarked that in the second method of Sec-
tion 4.4.1 the variance estimates are indeed computed applying the correction
method for multiple comparisons.
Finally, we note that the t-test is the most widely used statistical test
in IR experiments [148]; however, we also repeated the experiment using the
Wilcoxon signed rank test instead of the t-test, and the trends were consistent.
4.5 RQ3: Topic Clustering
We now turn to RQ4.1. As already stated in Section 4.1, it seems intuitive
that by (i) clustering the topics, and (ii) selecting representatives from each
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cluster, the topic set obtained should be more representative of the full ground
truth than an average or random topic subset of the same cardinality [130].
Furthermore, the selection of a subset of representative queries has been proven
to be effective in a Learning to Rank scenario [105], and indeed the clustering
of topics approach follows the same principles as it is clearly based on the
representativeness notion. Therefore, a topic clustering process should be an
effective strategy to find good topic subsets. However, such a process could
involve many different settings. We present several approaches, their results,
and a discussion on clustering effectiveness.
We start by presenting in Section 4.5.1 the overall experimental setting. We
then discuss two possible approaches: the first in Section 4.5.2, that will is not
effective despite attempting many variants, and the second, in Section 4.5.3,
which is slightly more effective than the first. Section 4.5.4 discusses the clus-
tering approach.
4.5.1 Experimental Setting
We start by defining the experimental settings and notation that are common
to the experiments described below.
4.5.1.1 The Clustering Process
We denote with n the number of topics and with c ∈ {1, . . . , n} the cardinality
of the topic subset; also, m ∈ {2, . . . , n} is the number of clusters obtained
when performing a clustering process. Our method is composed of the following
three steps.
1. For each cardinality c, we build a set of m clusters.
2. Then a topic subset of cardinality c is formed by selecting random rep-
resentatives from each cluster. In the following we refer to this selection
method as one-for-cluster (note that one might devise different methods,
e.g., selecting a number of topics proportional to cluster size, selecting
from some clusters only, etc.)
3. Finally, we build the usual correlation curves, and we compare the one-
for-cluster series with random topic selection, which is the average series
(such as the ones represented in Figure 4.3, left-side, second row).
We use a standard, effective clustering algorithm, hierarchical clustering
with a complete linkage method, and the cosine similarity as the distance func-
tion. We also try variants, as specified below. We conduct 10,000 repetitions
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to compute the one-for-cluster series, to avoid noise.7 Note that we are only
considering clustering as the main analysis technique. We leave as future work
more complex machine learning approaches, that could make use of multiple
features such as for example the µ and σ2 parameters from Section 4.3.1.
4.5.1.2 Feature Space
We take as topic features the AP (or statAP) values over the run population,
by clustering topics in a multi-dimensional space, where each dimension is the
effectiveness on a specific run, and each topic is a vector of AP (statAP) values.
The idea is that topics that have similar AP values for all runs are redundant:
one topic should be as effective as all of the “similar” ones. Clustering should
group together those topics that have similar scores, and by picking repre-
sentatives from each cluster we should select a good topic subset. For each
dataset, the number of dimensions is therefore the number of runs (the last
column in Table 4.1). We also experiment with a variant of this approach, as
detailed below.
4.5.1.3 Number of Clusters and Topic Cardinality
We can think of two possible overall settings, that affect Steps 1 and 2 above.
For each cardinality c and number of clusters m:
• We can perform clustering with the constraint c = m; we refer to this
setting with the term cardinality-driven clustering;
• We can determine the number of clusters a priori, independently from
c, and subsequently select the topic subset; we refer to this setting with
the term cardinality-independent clustering.
Both settings have pros and cons. The first approach forces the clustering
algorithm to produce a clustering of exactly m = c clusters, which might be
unnatural for certain c values: for example, if the topics are naturally form two
clusters, forcing them into three will produce clusters that are less complete
and more heterogeneous, thus potentially of lower quality. However, once the
clusters are formed, the selection of topics is straightforward, since there is
the guarantee that when c topics are to be represented, there are exactly c
clusters. Furthermore, even if the c = m constraint might lead to unnatural
clusters for certain c values, in general just decent clusters, even if not perfect,
might be of a sufficient quality to guarantee higher correlation values for the
one-for-cluster series than for random topic selection.
7We tried with up to 1 million repetitions, but the series are already stable with 1,000
repetitions.
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Conversely, with the second setting, the topics can be clustered in a more
natural way, but then the selection process is slightly more complicated: there
is no equivalence between the number of clusters and the number of topics to
select, thus there is not a unique selection method, and the selection process has
to take into account the empty clusters that might occur during the process.
Finally, whereas with the first setting the choice of the number of clusters m
is straightforward and determined, with the second setting m is a parameter
to be chosen, and it is not clear which criteria should be used. In the following
Sections 4.5.2 and 4.5.3 we analyze both settings, starting with the first one.
4.5.2 Cardinality-driven Clustering
4.5.2.1 A First Attempt
We compute the clustering as described above, with the constraint c = m;
then, we compare the one-for-cluster with the average series. It is found, how-
ever, that this clustering of topics approach does not result in any topic subset
having a τ correlation higher than the average; indeed usually τ is lower. There
are multiple possible explanations for this behavior. First is the choice of clus-
tering algorithm. Therefore, we tried different variations of the clustering,
for example, using a non hierarchical algorithm such as K-means (with the
algorithm variations Hartigan-Wong, Lloyd, and MacQueen8), and/or using
different distance functions (including as different kinds of proximity mea-
sures9 both linear metrics, e.g., Euclidean, Manhattan, Divergence, etc., and
similarity-angular distances, e.g., Cosine, Correlation, Jaccard, Phi, etc.), or
using different methods to join clusters (thus different linkage techniques in-
cluding single, average, mean, median, Ward). However, τ was never found
to be higher than average for any of these clustering methods, and we can be
confident that these negative results are not affected by a particular clustering
setting.
A second possible explanation is related to the feature vector: our feature
vectors are in a high-dimensional space, and therefore most of the distances
tend to be similar, and vectors tend to be orthogonal. To be more precise,
as soon as the number of dimensions grows, the number of possible distance
values drops. This is a well known phenomenon, referred to as “the curse of
8See the R function “kmeans” in the “stats” package (https://stat.ethz.
ch/R-manual/R-devel/library/stats/html/kmeans.html), and “k-means” of “scikit-
learn” for Python 3 (http://scikit-learn.org/stable/modules/generated/sklearn.
cluster.KMeans.html).
9For an exhaustive list see the R package “proxy” (https://cran.r-project.org/
web/packages/proxy/proxy.pdf), and the “Distance computations” section of Python 3
(https://docs.scipy.org/doc/scipy/reference/spatial.distance.html).
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dimensionality” [126, Chapter 7], and it occurs for both linear and angular dis-
tance values (Cosine, Euclidean, and Manhattan). This could of course harm
the clustering process. To address this limitation we tried to combine clus-
tering with dimensionality reduction, as described in Section 4.5.2.2. Finally,
in this setting we have the constraint that the number of clusters m must be
equal to the topic subset cardinality c, and that could lead to forming unnat-
ural clusters, as already mentioned; we discuss this third possible explanation
in Section 4.5.2.3.
4.5.2.2 Dimensionality Reduction
To deal with the curse of the dimensionality effect, a second attempt makes use
of Principal Components Analysis (PCA). To express around 85-90% of the
total variance of the data, three components/dimensions are needed for AH99,
R04, and TB06, and five for MQ07. Each topic vector is then heavily reduced,
to very few components: from the values in the last column of Table 4.1 to 3,
3, 3, and 5, respectively. We then repeat the clustering process with the same
primary settings as above (c = m, hierarchical algorithm, cosine distance, and
complete linkage).
With PCA, the results are different to clustering. Figure 4.7 compares
the correlation curves for average subsets, which are gray and thin in the
figure, with the correlation curves obtained with the one-for-cluster method:
the latter are usually above the former. Moreover, the differences between one-
for-cluster and average correlation values are statistically significant for most
of the cardinalities: in around 90% of the 50+249+149+250 = 698 total cases
for the four collections, the difference is statistically significant according to
the Wilcoxon signed rank test, p < .01, and there are no noticeable differences
across datasets (the number of statistically significant cases varies between
86% and 92%).
In summary, topic subsets found by clustering combined with dimension-
ality reduction show correlations with the ground truth that are statistically
significantly higher than average / random subsets. However, the difference is
rather small: although clustering helps, it helps just a little. Indeed, consider-
ing the results of Figure 4.7, one might be tempted to conclude that clustering
of topics is not an effective technique, at least with the constraint c = m.
Also, the oscillations of the one-for-cluster correlation curves that can be seen
in Figure 4.7 call for an explanation. To address these issues, and to present a
detailed analysis of clustering of topics with the constrain c = m, we perform
another experiment, described in the next section.
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4.5.2.3 A Simulation Experiment
To further understand what is happening during the clustering process, and to
further investigate the capabilities of the clustering process with the constraint
c = m, as well as the limitations, we design the following simulation exper-
iment. The aim of the simulation is to show what happens with clustering
of topics in an ideal situation, where the data is distributed with a minimum
and controlled amount of noise, and the topics are artificially clustered in a
neat way. This represents the most favorable scenario for the topic cluster-
ing process. We will discuss the same experiment for cardinality-independent
clustering in Section 4.5.3.
The experiment is as follows. We select s topics, called seeds. We experi-
ment with choosing as seeds the topics from a collection in two ways: either
randomly, or choosing a set of well separated topics after projecting the multi-
dimensional topic space onto two dimensions. In the following, we report the
results of the random selection only, as the other one provides a comparable
result.
Given the seed topics, we form a set of new topics, placing in the neighbor-
hood of each seed r fictitious topics in a hyper-sphere of radius ǫ; we call these
topics the surrounding topics of the seed topics. Thus, we simulate an ideal
scenario for clustering of topics where we have s ideal clusters of r topics each;
2ǫ is the maximum distance, in terms of AP (statAP), between two topics
in the same ideal cluster. Note that, the higher ǫ, the higher the probability
that the ideal clusters overlap, and therefore that a topic, during an automatic
clustering process, is placed in a cluster different from that of its seed, and of
the other topics in the same ideal cluster.
We now perform clustering as we did in Section 4.5.2.2; we use the con-
straint c = m, PCA, hierarchical clustering with a complete linkage method,
and the cosine similarity as the distance function. We vary the three parame-
ters as follows: s · r = 150, with s ∈ {15, 30, 50}, and thus r ∈ {10, 5, 3}, and
ǫ ∈ {0.01, 0.02, 0.05}.
Results of the experiment are shown in Figure 4.8. In panel (a), the one-
for-cluster series for the three topic seeds (15, 30, and 50) are represented with
different colors, and the different line types (continuous, dashed, and dotted)
identify the different ǫ values (0.01, 0.02, and 0.05). The figure also shows the
average series as gray thin lines. Figure 4.8(b) shows the same data with a
different representation. Each series is obtained subtracting the corresponding
average series from the one-for-cluster one. The horizontal gray line highlights
the value of zero: if the series in the plot is above zero it means the one-
for-cluster series has higher correlation values with the ground truth than the
average one, if the series is below zero vice-versa the average series has higher
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correlation values.
We can draw several conclusions from these results. Looking at the high-
est peaks, one can see that they occur at cardinalities corresponding with the
number of ideal clusters (equal to the number of seeds s): the clustering ap-
proach works well if the topics can be “naturally clustered” in a number of
clusters corresponding to the cardinality of the subset of a few good topics;
this is true when all the surrounding topics are placed in the same cluster as
the corresponding seed topic. However, the further the cardinality is from this
ideal number of clusters (the number of seeds), the more the correlation of
the one-for-cluster series decreases, and becomes comparable with the random
selection of topics (the average series), or even worse.
Focusing on the “negative” peaks (e.g. for the series with 15 seeds, for
ǫ = 0.05 at the cardinalities around 20, and for all three ǫ values at cardinalities
around 90) we note that the negative peaks achieve lower values of correlation
as ǫ increases, as expected. These negative peaks confirm that, if a natural
clustering of topics is not possible, clustering of topics worsens the selection
of a few good topics with respect to random selection. This effect can be
explained by looking at the composition of the clusters produced during the
cluster process, where we notice that surrounding topics of different seeds
indeed tend to be clustered together even when ǫ is small. This is likely caused
by the constraint c = m, that forces the number of clusters. Furthermore, the
desired behavior would be that when increasing cardinalities, the clusters split
into balanced sub-clusters; for example, with s = 15, at cardinality 30 each
cluster containing the seed should split into 2 balanced clusters, at cardinality
45 into 3 balanced clusters, and so on. However, in practice this is not the
case: on the contrary, there are always few clusters split into smaller clusters,
while other larger clusters remain intact. This results in a “bad” clustering
of topics: in the one-for-cluster series the majority of topics come from more
fragmented clusters. We can say that the more fragmented weight more than
the other in the evaluation; on the contrary, the average series chooses topics
uniformly.
Finally, we note that there are some lower positive peaks in the series. For
example, see in the chart on the right the series with 30 seeds with ǫ = 0.02,
for the cardinalities around the values of 18, 22, 39, and 41. These lower peaks
suggest that it is not always the case that the data can be explained with only
one number of clusters, but multiple numbers of clusters are possible to obtain
a natural clustering of topics.
Summarizing, it seems reasonable to conclude that the c = m constraint
makes clustering ineffective for most of the cardinalities, even in the most
favorable scenario. Moreover, considering real data, ǫ will be quite high, since
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in general it is unlikely that our vectors (topics) have similar values, with
just a small ǫ difference. Thus cardinality-driven clustering does not seem to
be a feasible technique to be applied on real data. For this reason, in the
following we study cardinality-independent clustering, starting by repeating
the simulation experiment of this section.
4.5.3 Cardinality-independent Clustering
In our previous experiments, the number of clusters is equal to the number of
selected topics. Now, we perform clustering of topics with a number of clusters
m independent from the topic subset cardinality c and hopefully matching the
number of clusters in a natural clustering.
4.5.3.1 The Clustering Process
In the case of cardinality-independent clustering, differently from cardinality-
driven clustering, m is a parameter to be chosen. There are several ways of
selecting such a parameter. The first alternative is to try all possible values
from 2 to the number of topics. A second approach could be to rely on some
index of goodness of the obtained clusters. Another possibility is to look at the
results of cardinality-driven clustering: in cardinality-driven clustering, due to
the constraint c = m, the positive peaks in the one-for-cluster series (see Fig-
ures 4.7 and 4.8) correspond to m values leading to an effective clustering of
topics; this fact can be exploited to choose the value of m for the cardinality-
independent clustering: we can focus on the cardinalities corresponding to the
positive peaks of the one-for-cluster series in cardinality-driven clustering. In
the following we investigate the latter approach; we also tried various indexes
on clustering goodness (e.g Connectivity, Dunn, and Silhouette) with no pos-
itive result, and we leave for future work the study of other feasible a priori
approaches to find m.
Once the m clusters are formed, the probably most natural algorithm for
selecting the topics from the clusters is as follows. Considering the one-for-
cluster series, there exist three possibilities for each cardinality c ∈ {1, . . . , n}:
• Case c < m: we select randomly c clusters, and then we select c elements,
one for each cluster.
• Case c = m: we select one topic per cluster, as we did in the case of
cardinality-driven clustering (Section 4.5.2).
• Case c > m: we select m topics as in the previous c = m case; we then
repeat for the remaining c−m, until we fall in the first c < m case. When
a cluster becomes empty during the process, we skip it in the following
iterations.
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Note that cardinality-driven and cardinality-independent clustering coincide
only when c = m.
4.5.3.2 Cardinality-independent Clustering on the Simulated Ex-
ample
Figure 4.9 shows the results for cardinality-independent clustering for the same
simulated experiment. The figure shows that in general, we obtain topic sub-
sets that always have higher τ values than the average; this holds for almost
all the s, r, and ǫ values.
Also, there are several positive peaks in the series. These occur at cardinal-
ities corresponding to multiples of the number of topic seeds s; e.g. considering
s = 15, the positive peaks are around cardinalities 15, 30, 45, and so on. This
is an indication that multiple effective m values exist. Indeed, clustering is ef-
fective not only for m corresponding exactly to the cardinalities of the peaks,
but also for near values, and this fact can be exploited for m selections.
Finally, the lower negative peaks of Figure 4.8 almost disappear, even for
the largest ǫ value of 0.05: even if the topics are difficult to cluster, the clus-
tering process is still effective.
4.5.3.3 Cardinality-independent Clustering on Real Data
Figure 4.10 shows the results of cardinality-independent clustering for the real-
data experiment, for some selected m values, corresponding to the cardinalities
of the positive peaks of the series of Figure 4.7: 9 clusters for AH99, 5 clusters
for TB06, 31 clusters for R04, and 24 clusters for MQ07. We choose to report
the results corresponding to the highest peak at the lowest possible cardinality:
for AH99 a similar behavior is found for cardinalities 16, and 31, for TB06 for
cardinalities 22, 43, 45, and 75, for R04 for cardinalities 16, 25, 31, 45, 60, and
75, and finally for MQ07 for cardinality 64.
The figure shows that the one-for-cluster series always has higher τ val-
ues than the average series, for all the collections, with a single exception
for R04. Cardinality-independent clustering is effective. As we have seen in
Section 4.5.2, in the cardinality-driven clustering, even with PCA, the one-
for-cluster series is often significantly lower than the average in the simulation
experiment (see Figure 4.8) and sometimes lower in the real datasets (see Fig-
ure 4.7). In cardinality-independent clustering, this never happens: in the
least favorable case, the one-for-cluster and average series are equivalent (the
series overlap).
We also verified that the series oscillations do not depend on noise, as they
still occur with 1M repetitions, as noted previously (see Footnote 7): the one-
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for-cluster series always fluctuates a little, but these oscillations are small and
do not affect the results.
Another final result is that, in cardinality-independent clustering, the choice
of the number of clusters m can be critical. A detailed analysis of our data
shows that good m values can be found by looking at the positive peaks on
the one-for-cluster series of the cardinality-driven clustering. For the m values
corresponding to the cardinalities of such peaks, as well as the nearest cardinal-
ities, the one-for-cluster series of the cardinality-independent clustering tend
to have higher τ values than the average series, for almost any cardinality. It
has to be noted that these are not all the good m values, as there exist other m
values such that for the cardinality-independent clustering the one-for-cluster
series is always above the average, but there is not a corresponding peak in the
cardinality-driven clustering. However, this provides a general criterion for the
choice of m. For example, considering our datasets, to obtains one-for-cluster
series that are better than random topic selection: for AH99 any m value can
be used (but cardinalities around 8, 15, and 30 are better), for TB06 the best
values are around 10, for R04 the best values are 25, 75, and 110; and, finally,
for MQ07 the best values are around 25, 45, and 60.
4.5.4 Discussion
The above results show that cardinality-independent clustering of topics is an
a posteriori topic selection strategy that is more effective than the random
selection of topics. The effectiveness increase is still not large but it is consis-
tent across all cardinalities and collections. As all the other results of this line
of research, this is an a posteriori strategy that is only potentially useful and
cannot be applied in practice. However, it can give useful insights for a priori
strategies, like suggesting the number of clusters to be used.
Note that although the setting is still a posteriori, clustering of topics shows
only a limited effectiveness as a strategy to find good topic subsets. That is,
even if we focused on a context where we expected clustering to be clearly
effective, this was not the case. This is perhaps surprising and might even cast
some doubts on the effectiveness of clustering also for an a priori approach;
however, in that case the features used would be very different, and therefore
this claim needs to be verified with further experiments, that we leave as future
work.
Also, note that comparing the clustering curves with the average series, as
we have done, might even be unfair, since the clustering approach needs the
whole topic set to produce the topic subset at a given cardinality c, whereas the
average series are produced using just c topics at cardinality c. In this respect,
the clustering is even less effective. For instance, focusing on cardinality 50
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for MQ07 (fourth chart in Figure 4.10), we can indeed say that clustering has
a higher correlation than average (0.85 vs. 0.79), but that a clustering-based
topic subset is generated using all 1153 topics, whereas by using around 100
random topics, one would get the same correlation.
We can also compare clustering correlations with Hosseini et al. [76]’s
“Adaptive” ones. As in Section 4.3.4, we need to change again our setting
to perform clustering on the dataset with all the runs (instead of the top 75%
only); the obtained correlation values are shown in the last row of Table 4.2.
Incidentally, by doing so, we are not able to obtain correlation values higher
than the average as those on the top 75% runs; indeed, as it can be seen
in Table 4.2, when using all the runs the correlation values obtained by our
clustering are hardy distinguishable from Average values. This is consistent
with the remark in Section 4.3.4: when using all the runs in a collection, the
Average curves achieve higher values of τ , and therefore it is more difficult to
do better than the Average baseline in such a case.
Focusing on the comparison between Adaptive and clustering, we see from
Table 4.2 that Adaptive is more effective than clustering on the smaller (having
a lower number of topics) AH99 dataset, and conversely clustering is more
effective than Adaptive on the larger R04 dataset. This result will need to
be confirmed by further experiments, but it suggests that the two approaches
could be fruitfully combined.
As a final remark, we conjecture that one general reason for the less than
satisfactory effectiveness obtained with a posteriori clustering could simply be
a “tyranny of majority” effect. If there is a large subset of topics that can
be “naturally clustered” together, and that cluster is indeed recognized by
the clustering algorithm (as is quite likely), then the one-for-cluster selection
method will be forced to pick up just one topic from that largest cluster.
However, the topics in that large natural cluster are driving the evaluation in
a specific direction – these topics “weigh more” than the other topics. This
will result in penalizing the one-for-cluster selection method, that is forced to
not recognize this majority. This conjecture is true at least to some extent in
our datasets: in our experiments the largest cluster usually contained around
75–90% of the topics.
To analyse this conjecture, we performed a last experiment. Given a clus-
tering of topics, and the topic subset obtained from it, we computed not only
the MAP by averaging the AP values, but also a Weighted MAP (WMAP)
in which the AP values are averaged with a weight corresponding to the size
of the cluster the topic belongs to. Note that both MAP and WMAP make
sense: the WMAP approach somehow assumes that the full topic set is a
representative sample of the whole topic population, and therefore if some
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topics are clustered together, that happens because the whole topic popula-
tion contains many topics like those; conversely, the MAP approach is based
on the assumption that since some topics are very similar, picking just one
of them avoids a biased sampling, in which the topics of larger clusters are
over represented. Therefore, the two approaches differ on the weight given to
each sampled topic; MAP assumes all topics to be of the same importance,
conversely WMAP assumes topics that are sampled from a larger population
are more representative, and thus more important. We also remark that by
using WMAP we are not guaranteed that by using the full topic population
we reach correlation 1 with MAP. Results are clearly negative: all correlation
values obtained when using WMAP are not only lower than those obtained
when using MAP, but also always lower than Average.
4.6 Conclusions
Compared to previous work on using fewer topics in the evaluation of IR
systems, our contributions are threefold. Addressing RQ4.1, we show that
examining subsets of a larger ground truth topic set results in average and best
subsets that are more highly correlated with the ground truth topic set than
found in previous work [15, 60, 128]. It would appear that as the cardinality
of the ground truth increases, the size of the subset (relative to ground truth)
required to obtain a high correlation also decreases.
We also find that under large cardinalities, worst topic subsets are notably
worse than shown in past work. Although finding a few bad topics was perhaps
to be expected, when a larger pool of topics could be drawn from the large
size of worst topic subsets that still had very low correlations was striking.
Examination of the effectiveness of worst subsets shows that they were mainly
composed of topics with poor effectiveness scores.
Addressing RQ4.1, we analyze the role of statistically significant differences
between runs for different topics subsets. The ability to distinguish statisti-
cally between the effectiveness of two runs is impaired when topic cardinality
is lowered. The main problem is an increase in false negatives (type II errors)
when making comparisons. This issue has not been shown before in this area of
topic subsetting research, although it has been addressed in conjunction with
incomplete relevance judgements: see for example Carterette and Smucker [25,
Table 2], which agree with our findings. Some subsets were shown to be better
than others at minimizing type I and II errors. The analysis showed that the
level of error reduced relatively quickly as subset cardinality increased. Nev-
ertheless, because all of our experiments still use relatively small populations
of topics when compared to “the set of all topics in the world”, it is not clear
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if the level of type II error will reduce sufficiently. The collections still don’t
give us a sense of what the “true” population of possible topics is like, and we
have no way to be sure that the full cardinality is the truth. In a way, the
results in this chapter suggest that all test collections are suspect, since their
very small subset of topics might be completely un-correlated with the “true”
population of all possible topics.
Our findings on the overlap of best and worst topics sets confirm that be-
ing a good topic largely depends on the other topics in the subset. In general,
the previously established terminology of best/worst topic sets is perhaps mis-
leading since it can be argued that the worst topics are actually the most
interesting ones (they rank runs in ways contrary to the majority of topics),
whereas the best topics feature a high degree of redundancy that might lead
to a waste of resources. Indeed, the high degree of redundancy is manifested
in the best correlation curves, that have high correlation values also for low
cardinalities.
Addressing RQ4.1, our analysis showed that clustering is effective in find-
ing topic subsets that are more representative than simply taking average or
random subsets, as long as the clustering is combined with dimensionality re-
duction. However, the topic subsets obtained by clustering are only slightly
more effective than random topic subsets, and are far from featuring corre-
lations that are as high as the best topic sets. A comparison with, and an
analysis of, related work shows that we are in good company, though: good
topics subsets exists but finding them seems a rather daunting task. While the
work here is a first step in finding representative and effective topic subsets,












































































































































































































































































































































































































































































































Figure 4.5: Scatter plots for some selected notable worst topic subsets. Each
dot is a run, the x-axis shows MAP (statMAP for MQ07) computed on the
ground truth full topic set, the y-axis shows effectiveness computed on the
worst subset indicated. The τ of the correlation along with the significance of
the correlation (indicated by a p value) is detailed on each plot.
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Figure 4.6: The results of typical IR effectiveness experiments, showing the
proportion of cases where statistically significant differences (two-tailed paired
t-test, p < 0.05) are observed between two runs when comparing them using













This chapter is structured as follows: Section 5.1 provides the introduction,
Section 5.2 discusses background on evaluation without relevance judgements,
and Sections 5.3, 5.4, and 5.5 explain in detail notable work on topic subsets.
5.1 Introduction
The evaluation of Information Retrieval (IR) systems by means of test collec-
tions allows researchers to evaluate, develop, and compare different retrieval
systems or algorithms in a well-defined experimental setting.
Probably the most expensive part of building a test collection is to produce,
for every topic, the relevance assessment for the documents retrieved by the
retrieval systems participating in the competition. To reduce the effort of this
process, it is common practice to pool a subset of the top 1000 documents
retrieved by each system; the relevance assessment is then performed only for
the pooled documents [183]. The pooling method leads to reliable results in
evaluating the effectiveness of retrieval systems [198]; but even with the pooling
strategy the cost required to produce the relevance judgements is still high.
Many researchers tried to reduce the effort of producing relevance assess-
ment, in several different ways. For example, Lu et al. [96] and Alonso and
Mizzaro [3] proposed to crowd-source relevance judgements, Lipani et al. [93]
and Losada et al. [95] developed novel pooling strategies to build test collec-
tions with a reduced number of judgements, Guiver et al. [60], Robertson [128],
and Berto et al. [14] studied the evaluation of IR systems using fewer topics,
and many others tried to propose more sensitive and reliable evaluation met-
rics [193], Aslam et al. [7], Carterette [23], Carterette et al. [28], Yilmaz et al.
[195] discussed sampling of collection components.
A perhaps more extreme approach is to produce automatic relevance as-
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sessment, i.e., to evaluate the systems participating in a test collection ini-
tiative without any relevance judgements, in a completely automatic way
[160, 166, 191]. In this part we focus on this approach.
5.2 Evaluation Without Relevance judgements
Table 5.1 summarizes the proposals to use no human relevance assessments
when evaluating IR effectiveness. The first proposal is by Soboroff et al. [160]:
their method performs a random sample from the pool of documents (i.e.,
the documents retrieved by at least one system); the sampled documents are
deemed to be relevant, while the remaining ones are non relevant, and the eval-
uation is performed accordingly. The underlying assumption is that relevant
documents tend to be retrieved by many systems, and thus pooled.
Another method, proposed by Wu and Crestani [191], is based on data
fusion, and consists in merging the ranked lists of documents retrieved by each
retrieval system querying the same test collection for a certain topic. The idea
is to assign a weight to each retrieved document and to use such weights to
rank retrieval systems. Thus, good systems are those that retrieve “popular”
documents. In the simplest version of the algorithm (WUCv0), the weight,
called reference count, sums up the occurrences of each document retrieved
by a system which is present in the ranked lists of other systems. The four
variants assign a weight to the reference count differentiating the position in
which each document appears in the ranked list.
Aslam and Savell’s method [6] measures the similarity of each system to
the others (by computing the ratio between the cardinality of the intersection
of the documents of the ranked lists and their union) and uses this similarity
to evaluate them. This evaluation is highly correlated to Soboroff et al.’s
method. One issue is that the average similarity is computed by means of “the
grossest possible measure” [6, p. 362]. This work also presents one of the main
criticisms to this approach: the observation that runs are ranked by popularity
rather than effectiveness. Such “tyranny of the masses” effect is penalizing for
best runs, that are underestimated. We use a slightly modified version of this
method, keeping the raw topic scores instead of computing their mean value
over the topic set.
The method by Nuray and Can [117, 118] consists of three phases: (i) select
the runs, (ii) compute the popularity of each document according to various
methods, and (iii) the top 30% of the most popular documents are said to be
relevant. The run selection can be done in two ways: either “normal”, where
each run is selected, or “bias”, where the runs selected are the top 50% of runs
which have a list of retrieved document that is farther from the “norm”. The
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Table 5.1: The 17 Prediction Methods Used in this chapter
# Acronym Accuracy Datasets Effectiveness
(version) Measures Metrics
Soboroff et al. [160] τ , charts TREC 3,5,6,7,8 MAP
1 SNC
Wu and Crestani [191]rs TREC 3,5,6,7, R-Precision,
2001 P@10,30,50,100
2 WUCv0 (Basic)
3 WUCv1 (Variation 1)
4 WUCv2 (Variation 2)
5 WUCv3 (Variation 3)
6 WUCv4 (Variation 4)
Aslam and Savell [6] τ , ρ, TREC 3,5,6,7,8 MAP
scatterplots
7 AS
Nuray and Can [118] rs TREC 3,5,6,7 MAP
8 NC-NRP (Normal Rank Position)
9 NC-NB (Normal Borda)
10 NC-NC (Normal Condorcet)
11 NC-BRP (Bias Rank Position)
12 NC-BB (Bias Borda)
13 NC-BC (Bias Condorcet)
Spoerri [166] ρ, scatterplots TREC 3,6,7,8 MAP, P@1000
14 SPO-S (Single)
15 SPO-A (AllFive)
16 SPO-SA (Single - AllFive)




94 Introduction and Background
document ranking can be performed according to three strategies taken from
theory of voting: “Rank Position”, “Borda” [50], and “Condorcet” [55].
The method by Spoerri [165] selects one run for each participating organiza-
tion, and forms a set of trials containing five runs (we borrow this terminology
from Sakai and Lin [150]) in a way that each run occurs exactly five times
(in different trials); then, it computes the percentage of the set of documents
either retrieved by the run exclusively (called “Single”), the set of documents
retrieved by all the five runs in the trial (“AllFive”), and the “Single minus
AllFive” measure. Finally, to obtain a trial-independent behavior, the three
computed measures for each run are averaged over the five trials in which the
run occurs.
The method by Sakai and Lin [150] is very similar to Condorcet method,
even if statistically different and more efficient.
All the above methods have been experimentally evaluated using as datasets
some TREC test collections as detailed in Table 5.1 (third column), with the
only exception of Sakai and Lin [150] who used, to run their experiments, also
NTCIR collections. The table also shows in the last column the IR effective-
ness measure(s) used in each experimental evaluation. The accuracy of the
methods1 has been measured as correlations between the predicted and actual
MAP values, again as detailed in the table. Overall (but we will see a more de-
tailed analysis in the following sections) the accuracy of the methods is rather
limited and they often do not significantly outperform the original proposal
by Soboroff et al. [160]. Hauff and de Jong [68] noted that the low accuracy
might depend on having human intervention (the “manual runs”) in the best
systems: in the datasets where the best systems are completely automatic,
human relevance assessments are less needed. Later, Hauff and de Jong [68]
compared the no assessment and the fewer assessment approaches, finding a
rather good correlation and claiming that it is still unclear whether manual
assessments are really needed. Moreover, as noted by Sakai and Lin [150] if the
organizers of a test collection initiative can release a so called “system ranking
forecast”, this can be useful when no “true” assessments are available.
Roitero et al. [139] provide a full re-implementation of such algorithms
and discuss their reproducibility. Recent work [140, 141] proposes to use the
described methods in a practical way: reproduce some of the previous result
and use the discussed methods to identify a subset of few good topics for
retrieval evaluation; Mizzaro et al. [110] use the methods in the setting of
query and topic performance prediction. When compared to their work, in this
1In an attempt of avoiding confusion, and consistently with other authors [118, 150, 191],
we reserve the term “effectiveness” for retrieval effectiveness and “accuracy” for the accuracy
in predicting system effectiveness by a method.
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work we use more datasets, more methods, and we also analyze several fusion
strategies including those based on machine learning techniques. Moreover, we
do not simply aim at reproducibility but we also focus on comparisons across
methods and collections, as we detail in the following.
Since in Chapter 6 we will reproduce some notable results on evaluation
without relevance judgements, we now discuss such works more in detail. We
first discuss the three main contributions that can be found in the literature
and that will be the focus of Chapter 6.
5.3 The Method by Soboroff, Nicholas, and
Cahan
The approach proposed by Soboroff, Nicholas, and Cahan [160] is the first
work investigating the ranking of retrieval systems without human assessments.
With almost 100 citations2 this work is considered by the research community
a strong baseline in this context.
Soboroff et al. start questioning what happens if relevant documents are
chosen randomly from the pool considering the hypothesis that relevant doc-
uments occur in the pool according to a defined probability distribution. To
address this question, they design an experiment in which they estimate a
probabilistic model which describes the occurrence of the relevant documents
in the pool. Specifically, they choose to model relevant document occurrence
with a Normal Distribution N (µ, σ) that requires only two parameters to be
estimated from queries, namely the mean percentage of relevant documents














where n is the number of topics of the test collection and µi is the percentage
of relevant documents occurring in the pool for the i-th topic.
Using this model, Soboroff et al. randomly sample a set of documents and
labeled them as “relevant”, to form a set of pseudo relevance judgements called
pseudo-qrels, in three ways:
• sampling the documents from the official qrels using µ and σ;
2Source: http://dl.acm.org/citation.cfm?id=383961; date: 21 April 2018.
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• sampling the documents from the official qrels considering each topic sep-
arately, i.e., using µ1, . . . , µn and σ. Soboroff et al. named this strategy
“Exact–fraction Sampling”;
• sampling the documents from the pool at depth 100 including duplicate
documents, and using µ and σ. The rationale of this experiment is that
the higher the number of systems that retrieve a document, the more it
is likely to be relevant.
We focus on the first approach since it is the more realistic and because it
does not include a-posteriori knowledge (i.e., knowledge that can be obtained
only after the human relevance assessments have been gathered), except for
the mean and standard deviation parameters; furthermore, we provide an ex-
periment in which we estimate the µ and σ parameters to present a realistic
“without relevance judgements” scenario.
Using the pseudo-qrels, Soboroff et al. present experimental evaluation on
all the runs of the TREC-3, TREC-5, TREC-6, TREC-7, and TREC-8 col-
lections. The effectiveness of the method is measured by (i) computing, on
each topic, the Kendall’s τ correlation between the ground truth of the official
rank of the systems and the rank obtained on the basis of the pseudo-qrels,
and (ii) taking the mean τ over all topics. The highest mean τ value is of
0.487, obtained for the TREC-5 collection (more details on these results will
be shown in Table 6.4 in Section 6.3). Although this approach achieves a
reasonable performance in terms of correlation, the method fails mostly on
top-ranked systems (i.e., the most interesting ones for the evaluation process),
whose effectiveness is usually heavily underestimated.
Based on the work by Soboroff et al., Aslam and Savell [6] propose a strat-
egy to infer the similarity of retrieval systems by assessing the similarity of
their retrieved documents. Considering two retrieval systems and their ranked
lists, the measure is simply the ratio between the number of documents that
they have in common divided by the total number of retrieved documents.
Although the proposed measure is trivial and easy to compute, the authors
show that it is able to achieve correlation values with the ground truth sim-
ilar to those by Soboroff et al.. They also observe that both methods are
affected by a “tyranny of the masses” phenomenon: top ranked systems (i.e.,
the systems that lower the correlation in Soboroff et al.’s experiments), are be-
ing punished for retrieving documents significantly different from the average
systems in a competition. Therefore, Aslam and Savell observe that Soboroff
et al.’s method assesses the retrieval systems more in terms of “popularity”
than actual “performance”.
This effect has been also investigated by Spoerri [165], who remarks that
“the potential relevance of a document increases exponentially as the number
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of systems retrieving it increases”, calling it the “Authority effect”. Spoerri
also suggests that selecting only a single run per participant group3 “would
help to sharpen the signal and make the Authority Effect more dominant”
[166, page 1061].
5.4 The Method by Wu and Crestani
The work proposed by Wu and Crestani [191] presents another approach for
ranking retrieval systems without relevance judgement. This technique uses
a measure called “reference count”, which is developed by the same authors
within the data fusion context [190].
Specifically, suppose we have a topic and a set of retrieval system results on
the same data collection, the reference count of a retrieval system result can be
obtained as follows. Given the set of retrieved documents by a system (called
original documents), the reference count is the sum of the occurrences of these
documents in the results of all the other retrieval systems (called reference
documents) up to number of retrieved document per topic, which is usually
1000.
This approach is called by the authors Basic reference count. However, this
technique does not take into account the different position of reference docu-
ments and the position of the original document. To overcome these limits,
Wu and Crestani present four different variations by changing either or both
of the aspects. The first variation (V1) assigns different weighs to reference
documents based on their ranking positions. The second variation (V2) assigns
different weights to original documents based on their ranking positions. The
third variation (V3) consists of assigning different weights to both the reference
documents and the original document. Finally, the fourth variation (V4) as-
signs different weights based on the reference documents ranking positions and
the original document’s normalized scores (instead of their ranking positions).
Wu and Crestani present their results using Spearman’s average rS corre-
lation values over the topics (the detail of their values over different TREC
collections will be shown in Table 6.5, discussed in the following). The values
are not directly comparable to Soboroff et al.’s ones, who use τ ; however, Wu
and Crestani compute rS also for Soboroff et al.’s method and find that they
obtain average rS correlation values that are lower than, or comparable with,
Soboroff et al.’s ones. Wu and Crestani observe that the results are mostly
based on two effects: (i) the overlap of the relevant and non relevant docu-
ments retrieved by the systems is quite different, as also shown by Lee [90];
3Initiatives like TREC allow participant groups to submit the results obtained with
different variations of their system. One of them is called “run”.
98 Introduction and Background
(ii) there is a connection between reference count and the percentage of rele-
vant documents in a ranked list of a system. Furthermore, they observe that
their results are affected by the same problem of the top ranked systems as in
Soboroff et al. Again, this phenomenon is probably due to the fact that top
ranked systems are quite peculiar, in fact they retrieve documents that not
many other systems retrieve.
5.5 The Method by Spoerri
Spoerri [166] proposes another method to rank retrieval systems without hu-
man relevance judgements. The proposed approach starts from the fact that
retrieval systems tend to retrieve similar sets of relevant documents and dis-
similar sets of non-relevant documents [90]. Spoerri’s approach estimates the
relative performance of multiple retrieval systems computing the structure of
overlap between their retrieved documents. Specifically, for each system he
counts the number of documents retrieved by it, which are also retrieved by
a specific number of other systems; in Spoerri’s method implementation this
number is five. This process is called random grouping. More in detail, the
“structure of overlap” is used to extrapolate two measures: Single% (S% in the
following), the percentage of a system’s documents not found by other systems,
and AllFive% (A%), the percentage of a system’s documents found by all five
systems. A third measure, Single% − AllFive% (S-A%), is also computed as
the arithmetic difference between the two previously found percentages. In his
experiments Spoerri builds the structure of overlap both when considering the
top 1000 documents retrieved by each system and a shallow pool, to study the
effect of pool depth on the effectiveness of his method.
Analyzing these evaluation measures, the author shows that the percentage
of a system’s documents that are only found by it and not by other systems
(S%) increases as the system retrieval quality decreases. For the structure of
overlap to be computed it is critical that a single run for each system participat-
ing in the track is included. In fact, although runs of a system participating
in a track are different, they usually share the same technique and system
architecture. Therefore, the structure of overlap could be affected by this
dependence. Furthermore, the author in the paper demonstrates that there
exists an optimal number of retrieval systems and topics needed for building
the structure of overlap.
In the experimental evaluation Spoerri selects a subset of the runs sub-
mitted to the selected TREC tracks. Spoerri does not use multiple runs of
a system, because these would have very strong structure of overlap compro-
mising the comparison with the other selected systems. Therefore, for each
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participant group he selects one run, called short-run, according to the follow-
ing criterion: the short-run is selected considering the one with the highest
AP value among the runs which use “automatic” as “Query Method” and “Ti-
tle+Description” as “Topic Length” (i.e., runs that did not use the Narrative
field of the topic). Although the selection of the most effective short-run for
each group allowed to run some experiments to analyze the effectiveness of his
approach, it must be noticed that this kind of selection would be impossible
in a real scenario without a pre-evaluation process.
Spoerri’s approach achieves Spearman rS correlation values up to 0.96.
However, this value is not comparable to Wu and Crestani’s ones, since it is
not computed by taking the mean rS over topics, but as the rS of predicted
and real MAP values. The first and third variant (i.e., S% and S-A%) show
the best effectiveness (details will be shown in Table 6.6). The results are also
confirmed by using other metrics (i.e. P@100 and R@100).
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Chapter 6
Reproduce and Generalize
Notable Results on Evaluation
Without Relevance judgements
This chapter deals with the reproduction and generalization of notable re-
sults on evaluation without relevance judgements. Section 6.1 introduces and
frames research questions. In Section 6.2 we describe data, methods, and mea-
sures used in our experiments. In Section 6.3 we focus on A1 and reproduce
some of the most important work on evaluating IR systems without relevance
judgements. In Section 6.4 we turn to A2 and generalize some of the obtained
results to other collections, including a more recent one, evaluation metrics,
and a shallow pool. Finally, in Section 6.6 we conclude.
6.1 Introduction and Research Questions
In this chapter we focus on an automatic approach to produce relevance judge-
ments, and we pursue the threefold aim of reproducing the main previous re-
sults (Aim A1), generalize them to other collections, metrics, and pool depth
(A2), and expand the approach to derive some insights on related problems
not studied yet (A3). More in detail, our aims can be stated as follows:
A1. To reproduce the main results of the notable works on automatic eval-
uation of retrieval systems, as well as present such results in a uniform
way.
A2. To generalize such previous work, in particular:
A2a. To analyze the effect of using further test collections, featuring dif-
ferent properties from those used in the original experiments;
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A2b. To study the effect of different evaluation metrics; and
A2c. To study the effect of a shallow pool.
A3. To expand the idea; in detail:
A3a. To experiment with a mixed approach, in which a part of the eval-
uation is automatic and a part of it is manual; and
A3b. To apply the same approach to a dual problem, the estimation of
topic difficulty.1
Both these ideas have not yet been explored, although they do seem quite
natural in this context.
Apart from Soboroff, Nicholas, and Cahan [160], Wu and Crestani [191],
and Spoerri [166], other proposals of studies about effectiveness evaluation
without relevance judgements exist: for example, Aslam and Savell [6]’s work
can be exploited, and Nuray and Can [117] is another viable alternative. How-
ever, in the rest of this chapter we will focus on the three above described
methods, that are somehow the most classical and well known approaches.
6.2 Experimental Setting: Data, Methods, and
Measures
To pursue the aims of this chapter, namely to reproduce and then to generalize
as well as expand the above presented results, we run a battery of experiments.
In this section we describe the common features of those experiments, and in
the rest of the paper we will provide further details when needed, and the
results.
6.2.1 Data
For reproducibility purposes we use the datasets from the TREC2 editions
that have been used by at least one of the previous studies: the Ad Hoc
tracks of TREC-3, TREC-5, TREC-6, TREC-7, TREC-8, and TREC-2001.
Furthermore, to extend and generalize such results, we use some more datasets:
besides again TREC-8, also, from other TREC editions, the Robust track of
2004 (R04), the TeraByte track of 2006 (TB06), and the Ad Hoc Web track
1The duality of topic difficulty and system effectiveness will be discussed in detail Sec-
tion 6.5.2.
2See http://trec.nist.gov/
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Table 6.1: Test collections used for the reproducibility experiments in the
upper part of the table, and for the other experiments in the lower part.
Acronym Track Year Topics Runs Used Topics Manual
Runs
TREC-3 Ad Hoc 1994 50 40 151-200 11
TREC-5 Ad Hoc 1996 50 61 251-300 31
TREC-6 Ad Hoc 1997 50 74 301-350 17
TREC-7 Ad Hoc 1998 50 103 351-400 17
TREC-8 Ad Hoc 1999 50 129 401-450 13
TREC-01 Ad Hoc 2001 50 97 501-550 2
TREC-8 Ad Hoc 1999 50 129 401-450 13
TB06 TeraByte 2006 149 61 701-850† 0
TB06M TeraByte 2006 50 80 801-850 19
R04 Robust 2004 249 110 301-450, 601-700† 0
WEB14 Web 2014 50 30 251-300 4
† Not all, see text.
of 2014 (WEB14). All the test collections used in this chapter are detailed in
Table 6.1.
Concerning R04, we use 249 topics, removing topic 672, as described by
Voorhees [180, Section 1]: “the TREC 2004 track used a set of 250 topics (one
of which was subsequently dropped due to having no relevant documents)”.
Concerning the TeraByte collection, we choose to investigate two versions
of the original dataset (see Büttcher et al. [21, Section 3.1]: “Manual runs used
only the 50 new topics; automatic runs used all 149 topics from 2004-2006”):
• We select the subset of 61 runs that run over all the 149 topics, as done
by Roitero et al. [134]; this collection has no manual runs; we denote this
dataset as TB06. Specifically, the dataset uses the 150 track topics and
removes topic 703.
• We consider all the participating runs (i.e., 80 runs including the manual
ones) that run over a common subset of 50 topics; we call this collection
TB06M (M denotes the inclusion of the manual runs).
Concerning WEB14, we choose two different versions of the track, to in-
vestigate the effect of the evaluation measures: this approach is detailed in
Section 6.2.2.
For all the other datasets we use the standard settings proposed in the
track.
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Table 6.2: AP, MAP, and AAP for n Topics and m Systems (adapted from
Mizzaro and Robertson [108])
t1 · · · tn MAP






sm AP(sm, t1) · · · AP(sm, tn) MAP(sm)
AAP AAP(t1) · · · AAP(tn)
6.2.2 Evaluation Measures
The outcome of the TREC evaluation process can be represented as in Ta-
ble 6.2: si represents a system/run, tj represents a topic, AP(si, tj) represents
the effectiveness of the system si on the topic tj according to an evaluation
measure. Average Precision (AP) is perhaps the most widely used metric,
however system effectiveness can be expressed by means of many other al-
ternative metrics, like logAP, logitAP, NDCG, etc. Since systems in TREC
usually are required to retrieve 1000 documents for each topic, we use the
truncated versions of these metrics, e.g., we use AP @1000. To rank retrieval
systems, a common approach is to average the performance over the set of







More in detail, for TREC-8, R04, TB06, and TB06M we use as evaluation
measure AP@1000; the official track measure for TB06 is AP@10.000 (which
is very close to AP). We also present results in terms of GMAP, and logi-
tAP (metrics detailed in Section 6.4.2). For WEB14 we use the official track
measure NDCG. To present AP values for this dataset as well, we binarize
WEB14 qrels. As it is usually done, we attempt two slightly different bina-
rizations: in the first version we map the original relevance values -2 and 0
into not relevant and the values 1, 2, 3 into relevant; in the second version
we map the values -2, 0, and 1 into not relevant and the values 2 and 3 into
relevant. In the following we focus on the first binarization only, which inci-
dentally provides better results in terms of the final correlation obtained. Note
that selecting the binarization which leads to higher correlation values has no
consequence in the experiment results since we are not competing against any
baseline. The meaning of AAP (see the last row in Table 6.2) will be discussed
in Section 6.5.2.
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Table 6.3: µ and σ values: comparison for reproducibility (leftmost four
columns) and estimation (two rightmost columns).
SNC original Our obtained values Estimated
µ σ µ σ µ σ
TREC-3 14.90 .123 10.414 (14.902)† .097 (.123)† 23.15 .110
TREC-5 3.90 .043 3.956 .043 13.39 .074
TREC-6 6.32 .067 6.351 .067 10.13 .062
TREC-7 5.78 .047 5.834 .047 5.82 .046
TREC-8 5.35 .048 5.497 .048 3.60 .038
† Pool built with all the participating runs at depth 100.
6.2.3 Methods Configuration
For brevity, in the following we denote the methods by Soboroff, Nicholas, and
Cahan [160], Wu and Crestani [191], and Spoerri [166] with SNC, WUC, and
SPO, respectively.
Considering SNC, we start estimating a probability distribution by ran-
domly selecting relevant documents from qrels for building pseudo-qrels. First,
based on the official qrels we compute the mean (µ) and the standard deviation
(σ) values of the percentage of relevant documents in the pool. Table 6.3 shows
in the left side the comparison between SNC and our computed values of µ
and σ (the rightmost column is discussed in the following). Comparing these
values with Soboroff et al.’s ones, we observe that we are able to reproduce
the same µ and σ values, apart from TREC-3. Our hypotheses is that, in this
case, all participating runs have been used, in place of the official runs only
(i.e., the ones which are selected to form the pool);3 and indeed when using
this approach we obtain the values in parentheses in the first row of the table,
which perfectly match the original ones. For completeness and for (future)
reproducibility, we also report the µ (and σ) values that we obtain for R04,
TB06, TB06M, and WEB14: 5.12 (0.043), 13.39 (0.074), 8.98 (0.057), and
32.59 (0.145).
Once we have the estimated Normal Distribution (based on the mean and
the standard deviation values computed before) we can build the pseudo-qrels
by simply performing a random sampling on qrels based on this distribution;
then using both the official “trec eval” software (version 9.0)4 and IRevalOO5
3Note that a detailed list of the official runs is not provided by NIST.
4http://trec.nist.gov/trec_eval/
5https://github.com/KevinRoitero/IRevalOO
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[138] we compute an approximated average precision (i.e., obtained with the
sampled qrels) value for each run and each topic. Based on these values, we
compared the approximated AP and MAP values (i.e., the ones originated
from the pseudo-qrels) with the real AP and MAP values. In order to provide
a realistic (i.e., without any post-evaluation knowledge) setting for Soboroff
et al.’s work, we also estimate µ and σ values using a best-fit interpolation





σ = 0.0037µ + 0.0242.
(6.2)
The two rightmost columns in Table 6.3 show the estimated values.
For WUC, we start by computing the so called document “reference count”,
for each topic, run, and position of the rank; then, we sum and normalize the
reference count to compute the Basic, V1, V2, V3, and V4 measures according
to Wu and Crestani’s definition. We consider all the runs submitted to the
TREC tracks.
For SPO, we start by selecting the systems according to the selection
method described in Section 5.5. Having the subset of systems, we compute
the structure of overlap for all the runs; we compare then the percentages
of overlap given by the structure of overlap with the real MAP values. As
stated before, the structure of overlap is built forming random groupings of
five retrieval systems and this structure is used to extrapolate S%, A%, and
S-A% measures. Based on our experiments, we observe that by following the
proposed selection method (see also Section 5.5) the “Title+Description” runs
are often not enough to reach the number of runs selected by Spoerri. Most
likely, Spoerri then included in his experiments some runs which have only
“Description” as “Topic Length”; we follow this approach.6
To avoid noise and give stability to our results, we performed 20 repetitions
for SNC and SPO, which have a non-deterministic part. In the following we
report the results obtained when averaging the AP and correlation values over
the 20 repetitions.
6To make our run selection process reproducible, we report the runs that we se-
lected in the spreadsheet available at https://users.dimi.uniud.it/˜kevin.roitero/
OUTSIDE/Reproducibility_SI_EvalNoJudg and at https://github.com/KevinRoitero/
Reproducibility_SI_EvalNoJudg (where we also include all the code used to carry out our
experiments and some additional tables).
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6.2.4 Correlation Measures
In this chapter we focus on reporting correlation values between the official
system rank provided by TREC, and the system rank obtained by the au-
tomatic evaluation methods. In the three methods that we reproduce there
is no homogeneity concerning the correlation coefficient used to compare the
computed scores (representing the automatic evaluation of systems) with the
real evaluation of systems (e.g., the real MAP values). Thus, to present the
results in a homogeneous way, we report the correlation values using value-
and rank-based correlations, as well as top-heavy correlation measures. More
in detail, we use:
• Pearson’s ρ, which measures linear correlation;
• Kendall’s τ , which measures rank correlation;
• Spearman’s rS, which measures rank correlation;
• Rank Biased Overlap (RBO) [187], a parametric rank correlation mea-
sure that is top-heavy, i.e., weights more the first positions of the rank.
The rationale is that usually it is more important to correctly estimate
the effectiveness of the top-ranked systems, i.e, the most effective ones.
We choose to give the top 10% of the systems the 75% of the weight
evaluation; thus we estimate the parameter p for RBO as detailed by
Webber et al. [187, Eq. 21];
• AP correlation (τAP ), proposed by Yilmaz et al. [194], a top-heavy rank
correlation coefficient based on the AP measure.
We also present the results by means of scatterplots, that allow to compare
the real effectiveness with the effectiveness obtained by the three methods.
It has to be noted that while the SNC method actually predicts an effec-
tiveness (e.g., MAP) value, the other two methods provide values that have a
different meaning: SPO returns a percentage (a number between 0 and 100)
which represents the structure of overlap between systems and WUC produces
a (normalized) reference count value (a value between 0 and +∞). Thus, we
normalize SPO and WUC scores in 3 ways, as discussed in Section 6.4.2.1.
Furthermore, we change the sign of the value returned by SPO method, to
obtain positive correlations and to easily compare the results with SNC and
WUC.
6.3 A1: Reproduce
We now turn to our first (and maybe most important) aim A1, namely to
reproduce the results previously published in the literature.
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Table 6.4: Mean and standard deviation of τ values: comparison for repro-
ducibility. Original values from Soboroff et al. [160, Tables 2 and 3] (first
and third pair of columns) and our obtained values (second and fourth pair of
columns).
Original SNC Our obtained values†
avg τ std τ avg τ std τ
TREC-3 .430 .0312 .401 (.411) .0259 (.0276)
TREC-5 .487 .0462 .359 (.382) .0766 (.0279)
TREC-6 .408 .0354 .391 (.387) .0370 (.0299)
TREC-7 .369 .0363 .377 (.379) .0474 (.0470)
TREC-8 .459 .0340 .460 (.444) .0402 (.0567)
Orig. SNC dups Our obtained dups†‡
avg τ std τ avg τ std τ
TREC-3 .482 .0143 .487 (.471) .0113 (.0111)
TREC-5 .571 .0107 .421 (.409) .0067 (.0043)
TREC-6 .491 .0131 .458 (.452) .0052 (.0045)
TREC-7 .423 .0091 .446 (.446) .0046 (.0046)
TREC-8 .543 .0102 .533 (.538) .0043 (.0052)
† The values in parentheses are those obtained with estimated
µ and σ (see Formula (6.2) and Table 6.3).
‡ Pool built with all the participating runs at depth 100, using
the duplicates.
6.3.1 Results
We first study the reproducibility of each of the three methods, and then
address their comparison.
6.3.1.1 SNC
Table 6.4 compares the SNC original values of mean τ and standard deviation
of τ with those that we have obtain when reproducing such method. The left
side of the table shows the values obtained considering the pool without dupli-
cates and right side of the table shows the values when considering duplicates.
Remember that we compute the mean τ score obtained over 20 repetitions.
As we can see from the table, apart from TREC-5, we obtain mean τ scores
comparable to the ones of SNC, both when duplicates are considered and when
they are not. We conjecture that the differences in the correlation values are
caused by the possibility of selecting different runs to reproduce the original
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Table 6.5: Average rS correlation over the topics of each collection: compar-
ison for reproducibility. Original values from Wu and Crestani [191, Table 1]
(left) and our obtained values (right).
Original WUC Our obtained values
Basic V1 V2 V3 V4 RS† Basic V1 V2 V3 V4 RS†
TREC-3 .246 .248 .548 .567 .587 .628 .513 .522 .512 .504 .283 .629
TREC-5 .318 .326 .378 .421 .421 .430 .393 .405 .395 .400 .328 .476
TREC-6 .309 .316 .371 .383 .384 .436 .442 .451 .485 .497 .498 .522
TREC-7 .297 .304 .328 .345 .382 .411 .406 .419 .403 .421 .453 .501
TREC-01 .279 .288 .377 .401 .413 .463 .449 .460 .448 .459 .443 .571
† SNC, all runs, considering the duplicates and selecting
randomly the 10% of the documents as relevant.
TREC pool.
6.3.1.2 WUC
Table 6.5 shows a similar comparison for the WUC method. Here the com-
parison is based on the average rS correlation values over the topics of each
collection. This is of course different from SNC: we now focus on reproducing
the results, thus we use the same correlation coefficients used in the original
papers; we will provide a homogeneous comparison later. As we can see from
the table, for almost all WUC variants (i.e., Basic, V1, V2, and V3) we obtain
higher correlation values; concerning WUC V4, we obtain higher correlation
values in three cases out of five. In the original paper the highest correlation
value is always obtained with the variant V4; instead, we find that the best
variant depends on the collection. Furthermore, in the original paper the four
variants have increasing correlation values (i.e., for each collection, we always
have Basic < V1 < V2 < V3 < V4); on the contrary, the correlation values
that we obtain are usually comparable across the different WUC variants.
We conjecture that the differences between our values and the original ones
might be due to:
• A different normalization score, especially for V4 (i.e., the most effec-
tive version in the original paper). Regarding V4, Wu and Crestani
[191, page 813] state: “V4 consists of using each document’s normalized
score”, but a detailed explanation of the normalization process is not
provided; for this reason we use each system “retrieval status values”
(RSV) to compute each document normalized score. We also consider
the rank of the document with similar (or worse) outcomes. Note that
many different normalization formulas could have been used by original
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authors; we tried different variants: (i) normalize the RSV / rank in
[0, 1], (ii) normalize the RSV / rank using the standard score (x−µ)
σ
), and
(iii) the above normalization using WUC Basic, V1, V2, or V3 in place
of the RSV / rank. We find that none of them leads to a successful re-
producibility of original results. Furthermore, we find surprising to not
be able to reproduce WUC Basic version, since it does not require any
normalization of the reference count score.
• A different approach used to compute correlations. Wu and Crestani
[191, page 813] state: “In Table 1 we present the results when all runs
of participant systems are taken. Each item in the table is the mean
Spearman rank correlation coefficient over 50 topics of that year”. If
we have a collection with n topics, we denote with AP(ti) the vector of
official AP for all the runs of topic i (i.e., a column of Table 6.2), and we
use the subscripts o and w to differentiate respectively the official and





rS (APo(ti), APw(ti)) .











rS (MAPo, APw(ti)) , and
(iii) rS (MAPo, MAPw) .
None of them lead to an effective reproducibility. We also use our own
implementation of Spearman rank rS correlation, which reflects the for-
mula detailed by Wu and Crestani [191, Eq. 4]; also in this case the
results do not vary from the previous ones, obtained using the official
Python 3 scipy.stats.spearmanr7 implementation.
• The number of runs used to compute the rS correlation score. Although
Wu and Crestani [191, Tab. 1] state: “Mean correlation coefficient for
average precision, all systems submitted to TREC”, we try with a selec-
tion of systems. Also this attempt results in a failed reproducibility of
the original scores.
We remark that it is unlikely that by doing something wrong we obtain
higher correlation values than the original ones; one should expect exactly the
opposite. We release the code used to compute WUC scores (see Footnote 6),
7https://docs.scipy.org/doc/scipy-0.14.0/reference/generated/scipy.stats.
spearmanr.html
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Table 6.6: Average rS correlation: comparison for reproducibility. Original
values from from Spoerri [166, Table 1] (first and third groups of three columns)
and our obtained values (second and fourth groups of three columns). The ta-
ble shows on the left side the values obtained when using all the 1000 retrieved
documents, and on the right side when using the top 50 ones. S%, A%, and
S-A% values computed using one short-run per participant group (the one
with highest MAP score). TREC-3, TREC-6, and TREC-7 correlations are
estimated from Spoerri [166, Fig. 5].
Orig. SPO Our obtained values Orig. SPO top 50 Our obtained top 50
S% A% S-A% S% A% S-A% S% A% S-A% S% A% S-A%
TREC-3 .67 – .72 .67 .51 .69 .72 – .72 .46 .25 .44
TREC-6 .79 – .78 .69 .40 .68 .86 – .88 .80 .44 .79
TREC-7 .43 – .47 .59 .38 .57 .70 – .62 .67 .35 .63
TREC-8 .89 .88 .95 .79 .48 .76 .92 – .95 .82 .55 .80
which could be useful for future reproducibility, and for a correct implemen-
tation of the method described by Wu and Crestani.
Wu and Crestani also reported, for comparison, the rS correlation val-
ues that they obtained when reimplementing SNC (in a slightly different ver-
sion, i.e., considering the duplicates and selecting randomly the 10% of the
documents as relevant). Table 6.5 shows, in the two “RS” columns, the rS
correlation values obtained by Wu and Crestani and by ourselves when we
reimplement SNC following Wu and Crestani variation. We see that, also in
this case, the values are in general different, apart from TREC-3 and TREC-5.
Referring to Table 6.4, recall that our τ correlation values are similar to SNC
original ones. This might depend, again, on one of the justifications detailed
above.
6.3.1.3 SPO
Table 6.6 shows the SPO S%, A%, and S-A% scores obtained by Spoerri and
by ourselves when considering one run (the short-run) per participant group;
the table shows correlation values (averaged over the N random grouping of
N short-runs) when considering all the 1000 retrieved documents (left) and
only the top 50 retrieved (right). For completeness, the table also contains all
our A% values, not always reported in the original paper. We see that our
computed values, for both top 50 and top 1000, are comparable to Spoerri’s
ones, even if they are usually lower; there are two exceptions, though: TREC-7
top 1000 and TREC-3 top 50.
The differences between the correlation values might depend on two dif-
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Table 6.7: MAP comparison between all state-of-the-art used collections and
all methods using τ correlation. We considered all the runs for each track, and
the top 1000 retrieved documents. The highest values for each collection are
in bold.
SNC WUC SPO
qrel dups Basic V1 V2 V3 V4 S% A% S-A%
TREC-3 .401 .486 .405 .405 .436 .444 .344 .416 .216 .400
TREC-5 .359 .422 .332 .341 .336 .338 .355 .359 .215 .352
TREC-6 .391 .459 .422 .427 .451 .448 .453 .421 .288 .421
TREC-7 .378 .445 .402 .408 .393 .408 .430 .358 .216 .346
TREC-8 .460† .532 .466 .480 .386 .391† .322 .490† .322 .475
TREC-01 .473 .625 .537 .545 .582 .582 .554 .521 .347 .520
† shown in Figure 6.1 (see below).
ferent factors: (i) the division of systems into the sets containing five systems
is not trivial, and the implemented algorithm can affect the final result, and
(ii) the selection of which run to include from each participating group has
a major impact on the correlation values, and a list of the used runs is not
available in the original paper (we make available our list in the URL provided
in Footnote 6).
Another important remark is that in the original work the version with the
highest correlation values is S-A% for almost all collections, but according to
our finding this is not always the case, especially when considering the top 50
rank positions.
6.3.1.4 Comparison of SNC, WUC, and SPO
As we have already noticed, and as it is clear from the last three tables, the
correlation values reported in the original papers are not directly compara-
ble. To be able to compare in a more systematic and convenient way the
three methods, in Table 6.7 we show the τ correlation obtained by us when
reproducing the methods considering all the runs participating in the track
and the top 1000 documents retrieved for each topic. As we can see from the
table, SNC dups always achieves the highest correlation values. This might be
surprising, since it is the most trivial method.
Figure 6.1 shows some selected results as scatter plots: the x-axis shows
the real MAP value, while the y-axis shows the score of the SNC, SPO, and
WUC methods; each dot is a system; and automatic and manual runs are
graphically different. In the plots we also display the regression line as well
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cific choices are often not described in the original papers, like the choice
of including a system instead of another to form a subset of systems/run
(see Sections 6.2.3 and 6.3.1); when the method includes a non deter-
ministic process, an exact reproducibility is not possible. Furthermore,
SNC is the only method which produces estimated AP values, the other
ones produce a score, which can be of difficult interpretation.
(ii) On the results, the rather low correlation values, as well as the “inverse
U” shape that can be seen in Figure 6.1 seem to discourage the use and
further development of these approaches.
To investigate this latter remark, we generalize the three methods to other
collections, other evaluation metrics, and a shallow pool, which we discuss
next.
6.4 A2: Generalize
We now turn to the second aim A2; more precisely, we generalize the previous
work results to other test collections (Section 6.4.1), other evaluation metrics
(Section 6.4.2), and a shallow pool (Section 6.4.3). We also briefly discuss
these results (Section 6.4.4).
Before detailing the results, we make some remarks on generalizing the
three methods: (i) SPO and WUC do not estimate AP values, thus we have to
normalize the produced scores, which can be done in many different ways, as
we discuss next; (ii) all WUC versions are calibrated considering the top 1000
documents retrieved by each system; thus using other pool depths with WUC
is not trivial; (iii) SNC requires an estimation of the µ and σ parameters: in
the case of a new collection, these parameters can be estimated using different
techniques, which may condition the effectiveness of this method. Further-
more, while SPO and WUC can in principle work for any relevance scale, SNC
is restricted to the binary relevance scale.
6.4.1 A2a: Generalize to Other Collections
To generalize the results to other collections, we choose different TREC edi-
tions featuring a different number of systems/runs and of topics (see Table 6.1):
TB06, TB06M, R04, and WEB14. Results on these other collections are shown
in Figure 6.2. The charts in Figure 6.2 are organized by rows (each row rep-
resents a collection: TB06, TB06M, R04, and WEB14, respectively), and by
columns (each column represents a different method: SNC, WUC, and SPO,
respectively).
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From the whole Figure 6.2 we notice that, on these collections, the cor-
relations are usually higher for the SNC and WUC methods, whereas they
are always lower for SPO. Furthermore, the three methods do not show a
consistent behavior across various datasets: by comparing Figure 6.1 with
Figure 6.2, and the rows of Figure 6.2 (i.e., considering different datasets but
the same method), we notice that the performance of a single method is highly
dependent on the particular dataset. On the contrary, the three methods are
consistent within each dataset.
From the figure we also see that the most effective systems are not penalized
as they were in Figure 6.1: the “inverse U” shape of TREC-8 does not occur
anymore. This is true for SNC and WUC, while SPO still penalizes the best
systems, although in a less evident way. This behavior can be caused by the
fact that for TREC-8 the most effective systems are the manual runs, which
are peculiar systems; in fact, the “inverse U” shape disappears if we imagine
to remove all the manual runs from Figure 6.1. If we focus on the manual runs
of TB06M and WEB14, their performance is still underestimated by the three
methods, but, differently from TREC-8, their computed score for the three
methods is not similar (i.e., they do not “cluster” as in TREC-8); this can be
caused by the fact that for TB06M and WEB14 the manual runs are not the
most effective.
This hints that the three methods for effectiveness evaluation without rele-
vance judgements, rather than failing in predicting the most effective systems,
fail in providing a correct prediction of the effectiveness of manual systems.
Also taking into account the work by Aslam and Savell [6], this is probably due
to the manual systems being “unpopular”, both because they are intrinsically
different from the automatic ones, and because there are many more automatic
than manual systems in each TREC edition (see Table 6.1).
6.4.2 A2b: Generalize to Other Evaluation Metrics
We now turn to Aim A2b: generalize to other evaluation metrics; more pre-
cisely, we generalize previous results to the GMAP (Section 6.4.2.1), logitAP
(Section 6.4.2.2), and NDCG (Section 6.4.2.3) metrics.
6.4.2.1 GMAP
Geometric Mean Average Precision (GMAP), proposed by Robertson [127], is
the geometric mean of the AP values over the set of topics. Using the same
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where we use the natural logarithm (ln) and its inverse function (exp), and
AP values of zero need to be replaced by a small ǫ value of 10−5 as done by
Robertson. Even though the GMAP measure averages the system effectiveness
over all the topics as MAP does (see Formula (6.1)), GMAP gives emphasis on
the low values of the effectiveness measure (i.e., the bottom of the scale for an
effectiveness measure). To better explain the concept we report an example
taken from Robertson [127, page 81]:
GMAP treats a change in AP from 0.05 to 0.1 as having the same
value as a change from 0.25 to 0.5. MAP would equate the former
with a change from 0.25 to 0.3, regarding a change from 0.25 to 0.5
as five times larger.
Furthermore, as discussed by Fuhr [56], when a researcher is interested in
measuring relative changes, GMAP should be used; when absolute changes
are studied, MAP should be used.
To compute the GMAP values, we tried different normalizations of the
WUC and SPO scores: scores normalized in [0, 1], scores normalized in [0, 0.5]
(since the AP scores are often in that range), scores normalized in
[mini,j(AP(si, tj)), maxi,j(AP(si, tj))], and no normalization at all. To normal-
ize the scores, first we transform the AP values into log AP scores; then, we
normalize those scores per-collection; e.g., to normalize in [0, 1] we consider
the min and max value of the collection, (i.e., max and min values of Ta-
ble 6.2, all runs and topics together); finally, we average the results over the
set of topics. Results are all very similar, and in the following we use the first
normalization.
Results of the generalization to the GMAP measure are shown in Table 6.8.
By comparing the table to Figures 6.1 and 6.2, no qualitative differences
emerge.
6.4.2.2 logitAP
logitAP is similar to GMAP, but operates using the logistic transformation of
AP values. We compute logitAP as done by Robertson [127]:
logitAP(si, tj) = ln
(
AP(si, tj)
1 − AP(si, tj)
)
.
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Table 6.8: Generalization to other metrics: GMAP. Correlations of Pearson’s
ρ, Kendall’s τ , Spearman’s rS, Rank Biased Overlap (RBO), and τAP for the
three methods SNC, WUC V3, and SPO S% on the TREC-8, TB06, TB06M,
R04, and WEB14 collections, for the GMAP metric. Compare with Figures 6.1
and 6.2.
SNC WUC V3 SPO S%
ρ τ rS RBO τAP ρ τ rS RBO τAP ρ τ rS RBO τAP
TREC-8 .50 .52 .63 .46 .43 .48 .45 .57 .68 .32 .69 .55 .68 .73 .41
TB06 .88 .51 .67 .76 .37 .87 .46 .62 .75 .31 .84 .43 .59 .72 .30
TB06M .79 .49 .66 .77 .34 .78 .42 .58 .67 .26 .73 .40 .56 .63 .27
R04 .88 .71 .88 .85 .53 .81 .65 .83 .83 .52 .63 .48 .66 .43 .34
WEB14 .93 .74 .89 .66 .70 .73 .54 .75 .51 .35 .35# .09# .19# .49 -.10
# p > 0.05.
All the other values have p < 0.01.
Here again we use the natural logarithm and AP values of zero (and one) need
to be replaced by a small ǫ value of 10−5 (and 1−10−5), as done by Robertson.
Using Robertson’s words 2006:
Like the log transform, or equivalently like using the geometric
mean GMAP, this pays attention to hard topics in a way that
ordinary MAP does not.
Results of the generalization to the logitAP measure are shown in Table 6.9.
To compute the logitAP values, we normalized the WUC e SPO scores as
done for the GMAP values: in this case the normalization makes a difference,
and performing no normalization at all leads to lower correlation values. The
correlation values for SNC are almost identical to the ones obtained for GMAP
(Table 6.8); the correlation values for WUC are comparable, especially when
considering top-heavy correlation measures (RBO, and τAP ); the correlation
values for SPO are more different, even thought the similarity is still high when
considering top-heavy correlation measures.
When comparing GMAP (Table 6.8), logitAP (Table 6.9), and the corre-
lation values of Figure 6.2 no significant differences emerge.
6.4.2.3 NDCG
To generalize previous results to the NDCG metric we used the official NDCG@20
measure for the WEB14 collection. Results are shown in Figure 6.3. When
we compare Figure 6.3 to Tables 6.8 (GMAP) and 6.9 (logitAP) as well as
Figures 6.1 and 6.2 (TREC-8, R04, TB06, and WEB14 AP), we notice two
visible differences: the correlation values are lower and the “inverse U” shape
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Table 6.9: Generalization to other metrics: logitAP. Table for the correlations
of Pearson’s ρ, Kendall’s τ , Spearman’s rS, and Rank Biased Overlap (RBO),
for the three methods SNC, WUC V3, and SPO S% on the TREC-8, TB06,
TB06M, R04, and WEB14 collections, for the logitAP metric. Compare with
Figures 6.1, 6.2, and with Table 6.8.
SNC WUC V3 SPO S%
ρ τ rS RBO τAP ρ τ rS RBO τAP ρ τ rS RBO τAP
TREC-8 .34 .52 .63 .46 .42 .33 .42 .55 .69 .30 .58 .55 .69 .71 .43
TB06 .83 .51 .67 .76 .33 .84 .49 .65 .75 .33 .61 .42 .59 .69 .27
TB06M .74 .51 .68 .77 .37 .67 .42 .57 .66 .26 .55 .43 .59 .61 .26
R04 .85 .71 .88 .84 .53 .82 .64 .82 .81 .50 .37 .30 .37 .32 .15
WEB14 .94 .75 .90 .66 .69 .71 .49 .68 .51 .39 .47 .14# .21# .49 -.05
# p > 0.05.
All the other values have p < 0.01.
is not present. The most effective systems are not penalized, but in this case
the correlation is more scattered. This behavior can be caused by the fact that
having more than one relevance value (i.e., from 0 to 3) the error that can be
made with a random assessment is much higher: for example, imagine a not
relevant document (i.e., 0) assessed as highly relevant (i.e., 3) or vice-versa.
6.4.3 A2c: Generalize to a Shallow Pool
Since results from Section 6.4.2.3 are obtained with both a new metric (NDCG)
and a shallow pool (20), we computed the results when considering the stan-
dard MAP metric with a shallow pool at depth 20 (i.e., AP@20). Table 6.10
shows the results. Comparing these results with the ones obtained consider-
ing the top 1000 documents retrieved, we can see that the linear and rank
correlations (i.e., ρ, τ , and rS) are generally lower for SNC, and higher or com-
parable for WUC (except for WEB14) as well as for SPO. This can be caused
by the fact that a shallow pool results in low-quality qrels, which penalize
SNC; on the contrary, WUC e SPO measures appear to be stable, probably
because the top-ranked documents are more informative for providing an ac-
curate final ranking of systems. For SPO it is worth noticing that, for R04
and WEB14, the correlations obtained are significantly higher than the corre-
lations obtained when considering all (i.e., 1000) documents retrieved. When
considering top-heavy correlations (i.e., RBO and τAP ), we notice that RBO
values are generally comparable with the values obtained when considering
the full set of documents, except, again, for WEB14 SNC and WUC V3 meth-
ods. The particular behavior of WEB14 can be explained by the fact that such
dataset is known to be rather incomplete due to shallow pools and low number

6.5 A3: Extend 121
automatic evaluation process can obtain a reasonable rank of IR systems in
a completely automatic way. Second, although the choice of the metric can
potentially impact the outcome of the methods for automatic evaluation of IR
systems, this impact is clear only when using NDCG, i.e., a metric based on a
different relevance scale (from binary to four levels).
We can also make some more specific remarks.
One issue that worth considering in reproducibility is the choice of using or
not the whole dataset [53, 54]. In TREC result analysis, the choice is whether
to use all the dataset or only the top 75% of most effective systems, as it
is commonly done in the analysis of TREC data, see for example Voorhees
and Buckley [181]. The comparison between the results restricting or not to
the top 75% of most effective systems shows that there is no effect for the
SNC method, while in general to consider the top 75% of runs leads to lower
correlation values for the other two methods, i.e., SPO and WUC.
Another interesting issue concerning reproducibility is whether to distin-
guish between systems that retrieve all the documents for all the topics (e.g.,
1000 for each topic) or not. For all the analyzed collections there are systems
that do not retrieve all the documents for all the topics: an example is system
READWARE for TREC-8. The result of including or not such systems de-
pends on the method. For the SNC method, this corresponds simply to remove
some points (i.e., systems) in the scatterplots. For the other two methods, i.e.,
SPO and WUC, the effect is twofold: some points are removed from the scat-
terplots, as well as the structure of overlap for SPO and the count value for
WUC are recomputed; this results in lower correlation values for SPO and
WUC. This is related to the well known fact that “The quality of the pools
is significantly enhanced by the presence of the recall oriented manual runs”
[183, page 8] that remarks the peculiarity and the effect of some runs that may
do not retrieve all the documents for all the topics.
Finally, SNC is the only method which gives AP values so is the only one
which can be generalized naturally, whereas WUC and SPO require normal-
izations that introduce some arbitrariness in the process.
6.5 A3: Extend
We now turn to the last aim of this chapter, A3, and address two novel research
questions that, although they arise in a quite natural way in the context of
this research, have been neglected so far.
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6.5.1 A3a: Semi-Automatic Approaches
A research question that in our opinion is quite natural is what happens when
a part of the evaluation is automatic and a part of it is manual, i.e., based
on human relevance assessments (Aim A3a). In other terms, what happens
when some values in the AP matrix of Table 6.2 are artificial, i.e., obtained by
one of the three methods, and some others are real, i.e., obtained by means of
human relevance assessments? In this section we focus on this issue.
6.5.1.1 Injecting Columns
We assume to work atomically on the topics: we do not work on individual
cells of the AP matrix of Table 6.2 but on its columns, i.e. (since each column
corresponds to a topic), on individual topics. We select some columns from the
real matrix, and some others from the artificial one, i.e., we are downsampling
the topics. Note that besides downsampling the topics in this manner, other
alternative approaches could have been used. One might for instance ran-
domly sample the assessments. On the one hand, this is a convenient working
assumption (and in future work we do plan to discuss the possible alternative
downsampling approaches); on the other hand, however, this is also a reason-
able strategy, since assessing the relevance of another document for the same
topic costs less than assessing the relevance of a document for a new topic.
Therefore, instead of using all the n columns of the artificial matrix only,
we use a ≤ n columns from that matrix, and b = n − a columns from the
original real matrix. The b columns are “injected” into the artificial matrix,
and the MAP value is computed accordingly. In other terms, injecting means
to fully evaluate, with human relevance assessments, specific topics.
The b columns, or topics, to be injected can be selected in many ways.
If the selection criterion of the b columns does not depend on the real AP
matrix, then this would correspond to a procedure that can be applied in
practice: the artificial AP matrix is built completely automatically and, still
in a completely automatic way (before any human relevance assessment takes
place), some topics are selected to be injected (i.e., manually evaluated, by
means of human relevance assessments). Conversely, if the selection criterion
of the b columns depends on the real AP matrix, then this would be useless in
a practical evaluation setting, since the full results of the evaluation would be
needed to do the selection according to such a criterion. However, it might also
be interesting to study this case, as hidden properties of topics and evaluation
in general might be revealed. Of course it would be possible to imagine also
mixed or approximated selection criteria, or even to add real columns (maybe
approximated to a pool depth) rather than using them to replace the artificial
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ones; we leave that for future work.
We take into account the following theoretical selection criteria:
(T1) Select the topics having higher (and lower as well) correlation between
real AP and artificial AP. This means that we are injecting the real
columns that are more (less) similar to the artificial ones. Although it can
be expected that injecting the most similar columns will have a smaller
effect than the less similar ones, this needs to be verified experimentally.
(T2) Select the topics having higher (lower) correlation between real AP and
real MAP. This means that we are selecting the topics whose real columns
are individually most (least) similar to the real MAP values, i.e., those
individual topics that somehow better (worse) resemble the overall real
evaluation. Those are the topics that provide a most (least) similar final
ranking of IR systems, and that might be most (least) important to
evaluate in an accurate way.
(T3) Select the topics having higher (lower) correlation between artificial AP
and real MAP. This means that we are selecting the topics whose artificial
columns are individually most (least) similar to the real MAP values, i.e.,
those topics that somehow, in the artificial evaluation, better (worse)
resemble the overall real evaluation. Similarly to the first criterion T1,
injecting a more similar columns is likely to have a smaller effect than a
less similar one (replacing the latter would mean to “correct the errors”
made by the automatic evaluation).
(T4) Select the Best (and Worst as well) possible columns according to the
BestSub method presented by Guiver et al. [60] on the real matrix.
Guiver et al. described how to find “a few good (bad) topics”, i.e., the
topic subset of a given cardinality that evaluates the systems in the most
(least) similar way to the full set of topics. This method would provide
for any cardinality a subset of topics to be injected that, in the real ma-
trix, better (worse) resemble the overall real evaluation. Differently from
the previous criteria, this chapters on topic sets rather than individual
topics, thus, it can be expected to work better than previous methods.
Also this conjecture needs to be verified experimentally.
(T5) Select the Best (Worst) possible column according to the HITS method
of Robertson [128] on the real matrix. This method computes for each
topic its hubness, a measure of how much the topic is able to predict
system effectiveness.
Furthermore, we take into account the following practical selection criteria:
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(P1) Select the topics randomly (repeating the experiment to avoid noise—we
use 1,000 repetitions in the following).
(P2) Select the topics having higher (lower) correlation between artificial AP
and artificial MAP. This means that we are injecting the artificial columns
that are more (less) similar to the artificial MAP values, i.e., those indi-
vidual topics that somehow better (worse) resemble the overall artificial
evaluation.
(P3) Select the Best (Worst) possible columns according to the BestSub method
on the artificial matrix.
(P4) Select the Best (Worst) possible column according to the HITS method,
i.e., computing its hubness, on the artificial matrix.
Note that P2, P3, and P4 correspond to T3, T4, and T5 respectively, but the
former ones can be used in practice. Furthermore, P1 (i.e., sample topics ran-
domly) can be seen as a baseline both for theoretical and practical approaches.
Before turning to the results, we remark that with these experiments we
are investigating two related but different things:
• It seems intuitive that by injecting real / correct values (i.e., substitut-
ing an SNC/SPO/WUC artificial column with a real one) all the three
methods will be improved. Besides verifying this, we also study which is
the column selection method that provides the best results (i.e., increases
most the correlation values with the ground truth, that is the real MAP
value).
• It is unclear whether any of the three methods can be exploited to im-
prove the BestSub topic selection method by Guiver et al.. That is, by
computing MAP values using not only the “few good topics” subset (i.e.,
just a few columns of the AP matrix), but using a complete matrix with
the real AP values for the best topic subsets and the artificial AP val-
ues for the other topics, do we get a system evaluation / ranking that
correlates better to the real MAP value computed using the full real
matrix?
In addition, with the practical experiments, we are investigating whether a
practical semi-automatic evaluation is possible; and in the case of an affirma-
tive answer, which is the best selection criterion that should be adopted.
6.5.1.2 Results
We report results for SNC only in this section; the results for the other two
methods are generally worse (even despite the normalization attempts), prob-
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• The Best/Worst series obtained by running Guiver et al.’s BestSub method
on the original matrix, as well as the Average series, obtained by select-
ing topic subsets randomly (using 1,000 repetitions). These series are
represented by the dashed lines in the plot. Note that in this case MAP
is computed on a subset of topics, and not on a set composed of real and
artificial topics, as it is for the other series.
• The result of injecting topics/columns randomly, i.e., P1. This represents
what happens when injecting topics without any strategy, thus it can be
considered as a baseline.
• The result of injecting the Best/Worst possible columns according to
BestSub computed on the real matrix, i.e., T4 (in (a) and (b)), or on the
artificial matrix, i.e., P3 (in (c) and (d)).
• The result of injecting the Best/Worst possible column according to the
HITS analysis computed on the on the real matrix, i.e., T5 (in (a) and
(b)), or on the artificial matrix, i.e., P4 (in (c) and (d)).
The T1, T2, and T3 selection methods are not shown in the charts, since they
have a similar behavior to the random topic injection.
Results of Figure 6.4(a) and (b) concern the theoretical selection criteria
and show that:
• Perhaps surprisingly, the Best series are not improved by the topic injec-
tion, even when considering the theoretical Best possible columns (T4).
This is valid on both datasets, and more evident in R04. Therefore, it
is better to evaluate on a small subset of a few good topics rather than
on a larger topic set obtained adding artificial SNC columns. Looking
at injecting the Worst series, we remark that it does not decrease the
correlation obtained by Worst BestSub.
• Although injecting random topics is a practical selection criterion (P1), it
is shown in the charts in Figure 6.4(a) and (b) (also for a clearer graph-
ical representation). Let us remark here that it does improve slightly
the average subset of topics: injecting randomly is better than using a
random subset of topics.
• Even though injecting the Best columns (T4) does not improve BestSub,
the series are always well above the average series. Conversely, the Worst
stays well below.
• The highest/lowest hubness selection criteria (T5), even if computed on
the real topics, does not improve the random topic selection on TREC-8,
at least not until the cardinality is higher than 20. Also for R04 the lowest
hubness topic set is always well below the average, and up to cardinality
100 even below the horizontal dotted line: injecting low hubness topics
is useless and, at least on R04, is even worse than not injecting topics at
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all. On the contrary, on R04 the highest hubness series is always above
the average series for cardinalities up to 75, and it is even comparable to
the BestSub selection criteria T4 for the low cardinalities.
Figure 6.4(c) and (d) concern the corresponding practical selection criteria
and show that:
• All the practical selection methods improve the artificial only evaluation:
there is almost no dot below the dotted line. This means that in the
case of a semi-automatic evaluation, using practical approaches is always
useful.
• As already mentioned, and shown in the (a) and (b) charts, SNC does
improve the Average BestSub series, although to a small extent: injecting
topics, even randomly (P1), is still better than not injecting at all.
• The injection method does matter. Concerning P3, at low cardinali-
ties the Best BestSub series tend to stay above random topic injection,
and Worst BestSub series obtain almost always lower level of correlation
than the random topic injection, for both datasets. Concerning P4, low
hubness topics obtain almost always lower correlation values of both the
random series and the random topic injection; on the contrary this is not
true for the highest hubness topic, especially for the TREC-8 dataset.
• P2, not shown in the charts, has similar behavior to the random topic
injection.
On a related issue, one might wonder what happens when combining au-
tomatic evaluation (we focus on SNC only in this analysis) with using fewer
topics. In more detail, one could compare:
(i) the correlation between the real MAP and the SNC MAP, i.e., the MAP
obtained averaging all the artificial AP values obtained by SNC (this is
the the horizontal dotted line in Figure 6.4); with
(ii) the correlation between the real MAP and a “reduced” SNC MAP, i.e.,
a MAP obtained by considering only a limited number of topics and
averaging only the corresponding artificial AP values obtained by SNC.
In other terms, one would use all the topics to run SNC, but then selects a
subset of them to compute the artificial MAP. One might expect that when
using fewer topics, the obtained correlation is lower that using all the topics;
however, of course the selection can be done in different ways, and an optimal
selection of the best topics might lead to better results. We experiment with
the selection criteria used above: random selection, the best and worst as found
by BestSub, and high and low hubness.
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further studied in future work. The results shown in Figure 6.5 hint at some
promising future research directions as well.
6.5.2 A3b: Predicting Topic Difficulty
Another, last, very natural research question to be asked in this scenario is
whether it is possible to automatically predict not only system effectiveness
but also topic difficulty (see Aim A3b). First we discuss the problem in more
detail, then we provide some background on the related issue of query difficulty
prediction, then we present some more detailed motivations, and finally we
describe our experiments and results.
6.5.2.1 From System Effectiveness to the Dual Problem of Topic
Ease
In our context, automatically estimating topic ease corresponds to a sort of
dual problem to estimating system effectiveness. To see why, let us go back
to Table 6.2 and Formula 6.1. We can notice that while MAP represents a
measure of system effectiveness, a dual measure of topic ease can be defined







(AAP stands for Average AP). Simply, in place of averaging the rows, one can
average the columns.
Thus, in our context, we are now asking if the three methods can be used
to predict not MAP of systems but rather AAP of topics. Although this seems
a very natural research issue, it has not been addressed in the three studies
that we have discussed at length so far, and by nobody else. Furthermore,
the importance of this problem can be better understood by considering the
related problem of query difficulty prediction.
6.5.2.2 Background on Predicting Query Difficulty
Predicting query difficulty is an important research issue. The knowledge that
a query is going to be difficult might be exploited by a system, that could
adopt appropriate countermeasures. The Reliable Information Access (RIA)
Workshop [66, 67] has been the first large scale study aimed at understanding
query variability and difficulty. The many approaches, that have been devel-
oped, can be classified as pre-retrieval and post retrieval, depending on when
the prediction takes place. The pre-retrieval approaches [22, 69, 163] are more
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practical, but the correlation of the predicted query difficulty with the ground
truth is rather weak. Pre-retrieval methods can be based on statistical or lin-
guistic approaches [114]; some results on combining pre-retrieval techniques
can be found in the work by Bashir [10].
The post-retrieval approaches exploit the results of a retrieval phase, and
tend to provide slightly higher correlations with the ground truth, but they
are less practical. Some works using post-retrieval features can be found in
the work by Shtok et al. [157]. Carmel and Yom-Tov [22] discuss post-retrieval
prediction methods using various measures like clarity, robustness, and score
distribution analysis. Pre- and post-retrieval approaches can be combined in
various ways, as detailed by Carmel and Yom-Tov [22], that also provide a
complete review of estimating topic difficulty as well as propose a general
model for query difficulty together with some practical applications.
Other approaches have been tested. For example, Chifu et al. [37] and
Mizzaro and Mothe [107] use human prediction (crowdsourcing) in predict-
ing topic difficulty. Buckley [18] proposes a measure (called AnchorMap) to
compute similarity between ranked document lists retrieved by systems; this
measure allows a categorization of topics into easy and difficult ones.
It is important to remark that although query difficulty prediction is an
interesting research issue, the state-of-the-art is such that no satisfying solution
is available yet: when measuring the correlation between predicted and actual
difficulty, the best methods reach Pearson correlation values around 0.5 [22,
197].
6.5.2.3 Topic Ease + Query Difficulty = Topic Difficulty
The previous brief analysis of the literature on query difficulty highlights that
the important issue is topic difficulty, not ease: it is important to understand
which are the difficult topics (on which the current systems can be improved),
rather than the easy topics (on which the state of the art is already satisfac-
tory).
We also need to understand that topic and query difficulty, although re-
lated, are different. In query difficulty prediction, usually the AP of a single
system is being predicted, rather than the AAP over a set of systems. However,
the AAP measure is an interesting alternative [108]. Studying the difficulty
of a topic rather than a query makes sense also given the recent result by
Thomas et al. [171] who find that “task difficulty” would be a more reliable
notion than “query difficulty”. Finally, although of course, the AAP of a topic
will depend on the systems participating to the evaluation exercise, the mea-
sure seems quite stable. For example, there are 50 common topics between R04
and TREC-8; the AAP values computed using the two different systems popu-
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lations feature high correlations (Pearson’s ρ correlation is 0.99 and Kendall’s
τ is 0.89).
In other terms, what we are proposing is a post-retrieval topic difficulty
prediction method that, at least in principle (i.e., not taking efficiency into
account), could be used in practice. Before turning to the results, let us
notice that, given the unsatisfactory results obtained by state of the art query
difficulty predictors (correlations higher than ρ = 0.5 are difficult to obtain),
this seems an interesting and promising approach.
6.5.2.4 Experimental Results on Predicting Topic Difficulty
At first sight, results seem not exciting. Figure 6.6 shows the AAP scatterplots,
for the five collections and some selected methods (we report the methods
with the highest correlations: usually WUC V4, with the exception of the fifth
chart — on WEB14 SNC is slightly better). Differently from the scatterplots
presented so far in this chapter, here each dot is a topic, not a system, and
the axes represent real and predicted AAP, not MAP. The last (bottom right)
chart in figure uses, in place of AAP, a slightly different metric, Geometric













(GAAP is to AAP as GMAP is to MAP, compare also to Formula (6.3)).
GAAP emphasizes more the difficult/low end of the topic difficulty scale, which
seems the interesting one if one wants to work on difficult topics.8 For the same
reasons, in Figure 6.6 and in the following we report RBO∗ and τ ∗AP , which are
the bottom-heavy versions of the top-heavy RBO and τAP , computed simply
by reversing the order of the vectors to give more weight to the difficult topics.
Table 6.11 shows all the correlation values for the five collections, AAP (GAAP
in one case), and the three methods (we selected the overall most effective
method variants; V3 and V4 have similar correlation values).
The best results in topic difficulty prediction are obtained for TB06M with
WUC V4 (see the two right most charts in figure and the values in the table);
these values are even higher when GAAP is used. In these cases the correlation
values are comparable to, if not even higher than, the state-of-the-art, which is
around 0.5. However, when comparing the scatterplots and the values with the
previous ones, the most visible difference is that correlations are much lower:
topic ease seems less predictable than system effectiveness.
8It is also possible to use logitAP in place of ln(AP), but in our experiments we did not
find any significant difference.
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Table 6.11: AAP correlations, and GAAP in the last row.
SNC WUC V4 SPO S-A%
ρ τ rS RBO
∗ τ∗AP ρ τ rS RBO
∗ τ∗AP ρ τ rS RBO
∗ τ∗AP
TREC-8 .26# .24+ .35+ .44 .18 .54 .37 .54 .52 .32 .33+ .30 .42 .46 .25
TB06 .51 .38 .53 .14 .35 .64 .44 .62 .37 .40 .53 .37 .51 .24 .36
TB06M .47 .30 .42 .43 .27 .68 .51 .67 .51 .46 .44 .31 .44 .41 .28
R04 .26 .24 .36 .09 .20 .55 .42 .59 .14 .34 .23 .21 .31 .06 .20
WEB14 .51 .38 .51 .34 .37 .52 .35 .49 .20 .32 .32+ .34 .44 .09 .34
GAAP
TB06M .58 .44 .58 .47 .41 .75 .59 .76 .54 .50 .54 .44 .59 .41 .42
+ p < 0.05.
# p > 0.05.
All the other values have p < 0.01.
However, this is not the whole story. While it is important to understand
which system is the best (the most effective one, having the higher effective-
ness value), for the topics it is rather important to understand which are the
difficult ones (the ones having the lowest effectiveness values), since on these
alternative strategies can be used to improve effectiveness. Some further anal-
ysis is shown in Figure 6.7, that shows, for each scatterplot of Figure 6.6, one
boxplot chart where the topics are grouped into quartiles according to their
real AAP (GAAP) value. So, the x-axis represents the quartiles, the y-axis is
still the topic ease predicted by the method, the dots are still topics (the small
horizontal variations on the dots is just a random jitter for graphical reasons,
to avoid overlapping dots), and the boxes summarize the distribution of the
predicted values for each quartile, with the horizontal line corresponding to
the median. For all the six charts, with just one exception, the median of each
quartile is lower than the subsequent ones. This means that if the difficulty
of topics is measured by categorizing them into the four difficulty categories,
the three methods are reasonably good in predicting it (although, of course,
the increasing median is not a sufficient condition to make the four different
classes fully separable). Furthermore, we ran an unpaired t-test using the Bon-
ferroni’s correction [47]: whereas for the four charts about TREC-8, TB06M,
and WEB14 the differences between adjacent quartiles are mostly not signif-
icant (also because only 50 topics occur in those charts, and of course even
fewer in each quartile), the differences between the first and the third quartile,
for the two charts about TB06 and R04, are significant.
Figure 6.8 presents yet another analysis. The six charts are again those
corresponding to the charts in Figures 6.6 and 6.7 but, in this figure, the
topics are grouped into quartiles accordingly to the difficulty predicted by the
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SNC/WUC/SPO method, rather than their real difficulty. What is interesting
here is that for each method the topics that are in the first quartile turn out to
be indeed difficult ones also accordingly to their exact AAP value, with very
few exceptions. Although this is also true for some topics in the 2nd, 3rd, and
4th quartile (especially for R04 and TB06, but note that the number of topics is
much higher for those collections), this last result can have immediate practical
applications. We could build an IR system that adopts some countermeasures
(e.g., perform an automatic query reformulation, or ask further information to
the user, and so on) for the difficult topics. And we can reliably predict which
topics are difficult by selecting those in the first quartile according to each of
the three methods. If the countermeasures are effective, this would lead to a
more effective IR system.
In other terms, for topic difficulty prediction, precision seems more impor-
tant than recall: if a topic prediction system fails to recognize that a topic is
difficult, no harm is done; conversely, if an IR system adopts some counter-
measure on a topic that is easy but is wrongly predicted as false, this would
likely decrease retrieval effectiveness. The three methods are indeed precision
oriented ones. To state it in yet another way, going back to Figure 6.6, what
is important is that no topics, or at least very few of them, are in the bottom-
right part of the charts, which is indeed the case: the vast majority of dots are
in the top left triangular part.
6.6 Conclusions
In this chapter we set to reproduce the most important work on automatic
evaluation of IR effectiveness, i.e., evaluation without human relevance judge-
ments. Instead of only reproducing the work, we provide a fourfold contribu-
tion:
(i) we succeeded in reproducing the main results of three previous similar
studies, with only some minor caveats, which we discussed in the respec-
tive sections; we released all the code used to carry out the experiments;
differently from the original works, we focused on future reproducibility,
and we detailed all the parameters required to implement each method;
(ii) we presented the results in a uniform way;
(iii) we generalized those results to other test collections, evaluation metrics,
and a shallow pool; and
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(iv) we expanded those results, obtaining two practical strategies that seem
effective to, respectively, decrease the costs involved in test collection
based evaluation, and improve retrieval effectiveness on difficult topics.
A general lesson learned of methodological nature is that we believe that this
is the right attitude in a reproducibility setting: not only simply reproducing,
but also providing a uniform representation; in our case this lead naturally to
generalization, and was also inspiring to obtain the apparently very interesting
results (iv).
In the following chapter we will use the detailed methods and their com-
binations to build a sort of meta-method that allows to evaluate e collection
without the usage of relevance judgements.




Existing Methods and of their
Combinations
This chapter deals with the analysis of existing methods on evaluation with-
out relevance judgements and their combinations. Section 7.1 introduces and
frames research questions, Section 7.2 describes the experimental setting, Sec-
tion 7.3 investigates the accuracy of individual methods, Section 7.4 considers
relationships between the methods, Section 7.5 presents experiments on the
combinations of the considered methods. Finally, Section 7.6 concludes and
sketches some directions for future work.
In our experiments, we will use the methods listed in Table 5.1. We believe
that we have included all the proposals from the literature, with the only
exception of Diaz’s one [46]: we leave it for future work since it uses the text
of topics and documents, and we are interested in providing a complete and
uniform account of the methods that do not use the text of documents, nor
the topic descriptors.
7.1 Introduction and Research Questions
In Information Retrieval (IR), test-collection based effectiveness evaluation is
a well-known and quite standard method. The whole evaluation process has
a cost, in terms of resources needed, effort made by the research community,
and also money; thus it is not surprising that researchers tried and are still
trying to reduce such costs, for example by using fewer topics, more sensi-
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tive effectiveness metrics, shallower pools, or cheaper (usually, crowdsourced)
human relevance judgements. A more radical approach is to avoid human rel-
evance judgements altogether, as it has been proposed by several researchers
[6, 46, 117, 118, 150, 160, 166, 191]. In this chapter, we set out to provide
a detailed and complete analysis of the methods for effectiveness evaluation
without human relevance judgements, as well as study if they can be fruitfully
combined.
When analyzing the literature on the methods for effectiveness evaluation
without relevance judgements, one can notice that their accuracy is often eval-
uated using different measures, on different datasets, and on the basis of differ-
ent effectiveness metrics (see the last three columns of Table 5.1). This means
that it is not clear what the relative accuracies are, and how these vary across
the datasets. Therefore, our first researchquestion is aimed at establishing a
solid baseline for these effectiveness evaluation prediction methods:
• RQ1: What is the comparative accuracy of the various methods for ef-
fectiveness evaluation without relevance judgements when they are eval-
uated under the same conditions? What about different collections, and
different measures?
Some comparisons do exist, although they are made in a rather implicit and
incomplete way. The most similar works to ours are those by Hauff and de Jong
[68] and Sakai and Lin [150]. Hauff and de Jong present a comparison of most
of the methods, but their aim is to study the variations across topics, and to
understand what happens when selecting the “right” topics subset. The work
by Sakai and Lin is more related to our RQ1, but again it focuses on just
6 methods (while we analyze 17 of them) and uses 2 TREC and 3 NTCIR
collections (instead, we test them on 14 TREC collections). Also, we report
a more complete set of accuracy measures and, finally, we consider the actual
accuracy of the methods as a means for the remaining two research questions,
rather than as an end in itself.
Going beyond accuracy figures, one might wonder whether the methods are
really different from each other, or rather whether they all measure, more or
less, the same thing. Our second research question specifically addresses this
issue:
• RQ2: What are the relationships among the methods? Do they tend
to measure the same phenomenon with almost no differences, or is there
any variability that can be exploited?
If the methods are indeed different, it is natural to ask whether this diversity
can be exploited by combining them. Therefore, our third and last research
question is:
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sm AP(sm, t1) · · · AP(sm, tn) MAP(sm)
AAP AAP(t1) · · · AAP(tn)
Figure 7.1: AP (AP(si, tj)), MAP (MAP(si)), and AAP (AAP(tj)) for n topics
and m systems (adapted from [108, 134]).
• RQ3: Can the methods be combined in an effective way? What combi-
nation strategies lead to the highest accuracy?
7.2 Experimental Setting
We describe the overall setting common to all the experiments. We present
the basic definitions, the measures, and the datasets used.
7.2.1 Notation, Background, and Terminology
Figure 7.1 shows the basic outcome of a test collection evaluation exercise,
represented as a matrix and two vectors. Each row of the matrix is a system
si (or run), each column is a topic tj, and each cell (i, j) is the effectiveness
of system si on topic tj. Averaging each row on the n topics one obtains a
measure of system effectiveness (for all systems, this is the column vector on
the right); averaging each column on the m systems one obtains a measure of
topic ease (the row vector on the bottom).
In this chapter we focus on Average Precision (AP) as the effectiveness
measure. We use the following notation. AP(si, tj) is the AP value of system
si on topic tj, AP is the matrix of AP values, and MAP and AAP are the
vectors of the MAP (Mean AP) and AAP (Average AP) values. Although we
acknowledge that “Mean Average Precision” is a questionable term, we use it
to distinguish from both average precision (the individual effectiveness value
of a system on a topic) and Average Average Precision [108, 134] (a measure
of topic ease).
Turning to the effectiveness values predicted by a method, we denote with
ÂP the matrix of predicted AP values, and with M̂AP and ÂAP the vectors
of predicted MAP and AAP values, respectively. We will first and mainly
focus on MAP (MAP and M̂AP) in this chapter, as others have done, but we
will also study and exploit AAP and AP. Thus, the main question will be the
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accuracy of M̂AP as a prediction of the ground truth MAP, but we will also
study the accuracy of ÂAP and ÂP as predictions of the original AAP and
AP.
7.2.2 Accuracy Measures
One can imagine several accuracy measures, and indeed many alternatives
have been used in the past studies (see Table 5.1). Kendall’s or Spearman’s
rank correlations are reasonable choices when one is interested in the order
of the values, an option that is quite common when a ranking of the systems
according to their effectiveness is desired. Often, the top positions of a rank
are the most important, and in such a case a top-heavy rank correlation like
Tau-AP (τap) [194] can be used. Pearson’s linear correlation can be used when
one wants to understand if the predicted values have a linear relation with
the original ones, i.e., when measuring the ability of methods in predicting
the exact values, not just the ranks. Correlations are a natural measure when
working on the vectors MAP and AAP, but they can be used also on the
matrix AP by converting it to a vector. Vectorization of a matrix is a linear
operation that concatenates all the columns of the matrix into a column vector.
However, for a matrix a similarity measure based on matrix difference is also
meaningful. In the following we will use:
• Pearson’s linear correlation (denoted with ρ, i.e., ρ(MAP, M̂AP),
ρ(AAP, ÂAP), ρ(AP, ÂP), the latter being the correlation between the
vectorized AP matrices);
• Kendall’s rank correlation (τ(MAP, M̂AP), etc.);
• Spearman’s rank correlation (rs(MAP, M̂AP), etc.);
• Tau-AP, a top-heavy rank correlation [194] (τap(MAP, M̂AP));
• Matrix difference (δ(AP, ÂP) = 1
nm
∑
|(̂AP(i, j) − AP(i, j)|).
7.2.3 Datasets
Table 7.1 summarizes the 14 datasets considered in this chapter, showing an
acronym (used in the following), a longer name, the year, the number of topics
(m) and of systems (n), as well as the topic identifiers in the dataset. We use
several TREC collections, spanning 20 years, selecting among those having
large enough sets of topics and systems/runs. For each dataset we produced
the corresponding table as in Figure 7.1. The three Web track collections
(last three rows) adopted a non-binary notion of relevance; we computed AP
values collapsing relevance levels -2 and 0 into irrelevant and 1, 2, and 3 into
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Table 7.1: The 14 Datasets Used in this chapter
Acron. Name Year Topics Runs Used Topics
1 TREC3 Ad Hoc 1994 50 40 151-200
2 TREC5 Ad Hoc 1996 50 61 251-300
3 TREC6 Ad Hoc 1997 50 74 301-350
4 TREC7 Ad Hoc 1998 50 103 351-400
5 TREC8 Ad Hoc 1999 50 129 401-450
6 TREC01 Ad Hoc 2001 50 97 501-550
7 R04 Robust 2004 249 110 301-450, 601-7001
8 TB04 TeraByte 2004 49 69 701-7502
9 R05 Robust 2005 50 74 See [179, Figure 1]
10 TB05 TeraByte 2005 50 58 751-800
11 TB06 TeraByte 2006 149 61 701-8502
12 W11 Web Track 2011 50 61 101-150
13 W12 Web Track 2012 50 48 151-200
14 W13 Web Track 2013 50 55 201-250
1 672 excluded.
2 703 excluded.
relevant, and then running trec eval.1 The code to conduct the experiments
can be found at https://github.com/KevinRoitero/LeToE-Code.
7.3 RQ1: Individual Methods Accuracy
We now turn to presenting and discussing the results of our experiments. We
start by focusing on RQ1, aimed at quantifying the accuracy of the individual
methods. Figures 7.2 to 7.9 show the accuracy of prediction as eight box-plot
charts. These charts show the accuracy (Y-axis) of the individual methods (X-
axis) on each dataset (legend). As indicated on the Y axes, the prediction is of
MAP (MAP) in the first four charts, of AP (AP) in the following two, and of
AAP (AAP) in the last two; accuracy is measured by τ , rs, ρ, τap, and δ. Each
dot shows the accuracy of the prediction of a method on a dataset. So, for
example, the dot on the top-left of the first chart (Figure 7.2) is τ(MAP, M̂AP),
Kendall’s τ correlation of the actual MAP values in TB04 with the MAP values
predicted by SNC. The box-plots synthetically represent the distributions of
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in the following we do not report δ anymore.
Accuracy in AP prediction might be considered an artificial measure, but
this would be a mistake: it has a practical usefulness, since one might be in-
terested in knowing the effectiveness of a specific system on a specific topic,
or in comparing the effectiveness of all systems on specific topics. Moreover, a
better AP prediction could be related to a better AAP prediction, as we now
discuss. The last two charts in Figures 7.8 and 7.9 show accuracy in AAP
prediction. Whereas, when predicting MAP, rank-based correlations seem a
better option as accuracy measure than linear correlation (usually one is in-
terested to know which is the best system), for AAP the choice is less clear
(ranking the topics by difficulty seems as interesting as knowing their difficulty
values). Anyway, for both ρ and rs, AS is again (as for AP ρ) the best method
on average, although its variation is not lower than the other methods as it
was in the AP case. When considering statistical significance, however, AS is
not more accurate than NC-NB, NC-NC, NC-BB, NC-BC, and SL.
Finally, we remark again the particularly low accuracy of WUCv4. This
might be due to our failure in reproducing its normalization algorithm, which
is not fully detailed in the original paper [191]. In the following we exclude
this method from most of our analyses.
7.4 RQ2: Relations Between Methods
Having established a common ground consistent with the previous literature,
as well as some baselines to compare to, we now focus on RQ2, a question
which is more central for our paper. Our analysis is aimed at understanding
if the various individual methods measure different aspects or are very cor-
related. The heat-map in Figure 7.11 shows ρ correlations between the AP
values predicted by the individual methods, for each pair of the 17 individual
methods, and for the two datasets R05 (bottom left triangular part) and TB06
(upper right). In other terms, the heat-map contains, for each pair of methods
i, j, ρ(ÂPi, ÂPj). Observe that, given the accuracy measures that we use, the
heat-map is symmetric. Thus, we chose to report the results for two datasets
into a single heat-map, in which the upper triangular part shows the outcomes
on a dataset, and the lower triangular part on the other one. Presenting two
datasets in the same heat-map has also the advantage of clearly emphasizing
graphically that the values are similar across datasets. We do not show the
heat-maps for the other 12 datasets, that are anyway very similar. A quick
visual inspection immediately shows three properties:
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a subset of the methods will lead to achieve higher correlation values than the
oracle. Nevertheless, the oracle method sets a simple and reasonable upper
bound to aim to with the combination of one or more methods.
Figures 7.2–7.9 show, in the rightmost panes, the oracle accuracy of pre-
diction for the eight box-plot charts. Analyzing the results, we can make the
following observation: concerning all of AP, MAP, and AAP, the correlation
values the oracle achieves are always similar to any other method; furthermore,
in cases where the oracle has a higher median correlation value, the differences
from the oracle to any other method are not statistically significant. This
means that any trivial combination of the methods can improve only partially
the correlation values obtained by the best method. On the other hand, if we
compare the oracle with the worst performing method, we can observe that
the oracle has always higher correlation values, and this difference is statisti-
cally significant. Based on these observations we conclude it is worth trying to
combine the methods; indeed, this combination may be used when evaluating
automatically a new collection, without having any prior knowledge of which
of the methods will perform better. More details are presented in the following
sections.
7.5.2 Data Fusion Approaches
In the following subsections we detail the data fusion approaches used in this
chapter: we define the setting (Section 7.5.2.1), list the algorithms that we use
(Section 7.5.2.2), and present the results (Section 7.5.2.3).
7.5.2.1 Data Fusion Setting
The basic idea is to define a fusion operation that merges the results of the
individual prediction methods. We can sketch the situation using the following
three equations:
M̂AP∗ = DF(M̂AP1, . . . , M̂APq) (7.1)
ÂAP∗ = DF(ÂAP1, . . . , ÂAPq) (7.2)
ÂP∗ = DF(ÂP1, . . . , ÂPq). (7.3)
Focusing on MAP first (Equation (7.1)), the MAP vectors M̂APi predicted by
the individual methods are combined into M̂AP∗ by a data fusion function DF.
In our experimental setting we have q = 17 individual methods (though we will
use fewer as detailed below in Subsection 7.5.2.2). Besides working directly
on MAP (and, symmetrically, on AAP, Equation (7.2)), we also try the same
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techniques on AP values (Equation (7.3)). This makes sense in an attempt to
avoid losing information: the predicted AP matrices ÂPi are combined into
ÂP∗. The latter is the only possible approach when aiming at predicting AP;
conversely when aiming at MAP (and AAP) prediction, two approaches can
be used, as one can directly predict MAP and AAP, or predict AP and then
average the obtained values.
7.5.2.2 Data Fusion Algorithms
We use four basic and well known data fusion approaches (some of which are
also used by some individual methods:
• Average function. Arithmetic average of predicted values M̂APi, ÂAPi
and ÂPi. We therefore obtain three data fusion functions: MAP-AVG,
AAP-AVG, AP-AVG.
• Rank. Combination of M̂APi, ÂAPi and ÂPi according to the rank
position of each systems: MAP-RP, AAP-RP, AP-RP. In summary, this
approach assigns a score based on the rank in which the system occurs.
Let us consider the following toy example, with two systems si, sj and
three methods. Suppose the system si occurs in the 1st, 2nd, and 3rd
position in the ranked list of AP inferred from the respective methods,
and the system sj occurs in the 2nd, 1st, and 1st position. The score for
the system si in the fusion list is 1/ (1/1 + 1/2 + 1/3) = 0.55, and the
score for the system sj is 1/ (1/2 + 1/1 + 1/1) = 0.4. Thus, in the fusion
list, sj will be ranked before si (the lower the score the better) and their
respective scores will be 0.4 and 0.55.
• Borda count [50]. Predicted values M̂APi, ÂAPi and ÂPi are treated as
expression of preferences, which are then combined based on the rank
position of the systems: MAP-B, AAP-B, AP-B. In summary, the Borda
count assigns a score to each so called candidate considering the reverse
proportion of its ranking. Referring to the previous example, the score
for the system si in the fusion list is (3 − 1) + (3 − 2) + (3 − 3) = 3, and
the score for the system sj is (3 − 2) + (3 − 1) + (3 − 1) = 5. Thus, in the
fusion list, sj will be ranked before si (the higher the score the better)
and their respective scores will be of 5 and 3 (to be then normalized in
[0,1]).
• Condorcet [55]. A majority method of pairwise comparisons between
ranked retrieval systems: MAP-C, AAP-C, AP-C. In summary, in the
Condorcet method the winner is the candidate that is preferred to any
other candidate, when compared to the opponents one at a time accord-
ing to a scoring system based on preferences. The Condorcet method
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methods seemed an interesting and promising idea, and despite the use of a
spectrum of state of the art data fusion techniques, it is clear that no accuracy
improvement is obtained with the data fusion approaches. Instead, usually
the combinations by data fusion are less accurate in a statistically significant
way than the best individual methods. Results do not change when using
the other accuracy measures: all the corresponding charts to Figures 7.2–
7.9 look very similar to Figure 7.13, and therefore we omit them for brevity.
Anyway we remark that reporting the negative results and failed attempts is
important, especially if they are obtained using non trivial techniques; this
will prevent future researchers to waste time and resources trying the same
ineffective approaches. This position is also supported by other authors: both
in general [51, 86], and within IR [53, 54].
One possible reason for the ineffectiveness of the data fusion approaches is
that they somehow “go towards the mean” of the individual methods being
combined, i.e., they produce an outcome that is similar to the average of the
individual methods, but they cannot improve the overall effectiveness: the
best individual methods are somehow hampered by the other ones, and this
negative effect remains also when removing the worst individual methods as
we tried with our “selected” (“s”) approaches (see the end of Section 7.5.2.2).
Indeed, the “selected” methods are more accurate than the all inclusive ones,
but still not so effective as the individual methods.
Perhaps effectiveness could be improved with more tailored fusion ap-
proaches and/or more sophisticate normalization strategies, but these might
depend on the method and on the dataset and it does not seem simple nor
promising to follow this approach any further. We leave that for future work
and we instead turn to a more general approach, which can be more promising
considering the results shown by the oracles in Figures 7.2–7.9.
7.5.3 Machine Learning Approaches
In the following subsections we detail the Machine Learning approaches we use
in this chapter: first we discuss the setting (Section 7.5.3.1), the algorithms
we use (Section 7.5.3.2), and the the ML results (Section 7.5.3.3). Then, we
report on a rather natural technique to be applied in our setting: Transfer
Learning (Section 7.5.3.4).
7.5.3.1 Machine Learning Setting
Instead of relying on data fusion approaches, we now turn to the issue of
automatically learning the DF functions of Equations (7.1), (7.2), and (7.3)
relying on historical competitions data. In such an experimental setting, we
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consider, in turn, each of the collections as the test set, while the “historical”
training set is composed of all the instances belonging to the previously released
collections, sorted according to their release year (see Table 7.1).5 To make an
example, if we are considering as test collection TREC8, released in 1998, then
the training set contains the collections released before 1998: TREC3, TREC5,
TREC6, and TREC7. Observe that, due to our setting, TREC3 can never be
considered as test data: since it is the oldest collection, this implies that it
would not have any older collection to be used as training data. We generate
features by running the individual methods (see Table 5.1), thus obtaining
their predicted values {ÂP1, . . . , ÂPq}, while the labels are the actual MAP,
AAP, and AP values, which for past data are also considered to be known.
Since predictors and labels are numeric continuous values, we focus on
a subset of machine learning algorithms, namely regression algorithms. Al-
though ranking (e.g., to rank systems according to their effectiveness) and
classification (e.g., into easy/difficult topics) are also possible, we leave those
to future work.
To train regression algorithms for estimating MAP the most intuitive choice
is to consider a dataset with a row for each run, and a column for every
distinct combination of individual metric and topic (plus a column for the
label reporting the MAP value of the run). However, such an approach has
two criticalities: first of all, the resulting training set is often too small for
machine learning algorithms to be trained effectively, given the number of
features. For example, even considering the collection with the largest number
of runs (TREC8, see Table 7.1), the samples in the training set would be just
129 (equal to the number of runs), while the number of columns would be
851 (50 topics × 17 methods, plus the MAP label). Secondly, this kind of
representation is strictly tied to the number, kind, and arrangement of topics.
Therefore, training samples of a collection may only be combined with other
collections sharing the same format of topics. Equal considerations apply when
predicting AAP.
To overcome these limitations we focus on predicting AP values instead of
MAP or AAP. By doing so, the dataset has a row for each distinct combination
of run and topic, and a column for each individual method (plus a column for
the label, which is the AP value of the run on the topic). This kind of feature
representation has three important characteristics: first of all, it is fine-grained,
since it includes all the estimated values of each individual method; second,
for each collection the training set is much larger than previous proposal (on
TREC8 we will have 129 runs × 50 topics = 6450 rows, and just 18 columns);
third, its dimensionality and column arrangement is totally independent of
5If a collection is released in the same year as the test one, we choose not to consider it.
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the format of topics, therefore training samples of different collections can be
combined together by simply stacking the rows.
By relying on the results of Figures 7.2–7.10, we removed feature WUCv4
given its consistently poor performance (as observed in Section 7.3), therefore
considering 16 methods, instead of the original 17.
7.5.3.2 Machine Learning Algorithms
We tested several machine learning algorithms, all implemented using the fol-
lowing Python 3.5 libraries: Scikit-learn,6 and Keras.7 We report the results
for twelve of them:
• LinearRegression [189] (LR in the following), the standard linear regres-
sion technique.
• RandomForest [17] (RF in the following), an ensemble learning method
that operates by constructing a set of decision trees during training, and
outputting the average prediction of the trees when a new instance has
to be predicted.
• Ridge Regression [72] (RIDGE in the following), a regression algorithm
that implements L2 regularization, and uses as objective function the
minimization of the sum of square of coefficients.
• Bayesian Ridge Regression [123] (BAYRIDGE in the following), a re-
gression algorithm that uses Bayesian modeling and spherical Gaussian
priors.
• Lasso Regression [172] (LASSO in the following), a regression algorithm
that implements L1 regularization, and uses as objective function the
minimization of the sum of absolute value of coefficients.
• Neural Network (NN-epochs-loss in the following): a neural network re-
gression model with a Sequential architecture composed of two dense
connected layers: the first layer with 16 neurons, initialization function
“uniform” and activation function “ReLu”; the second one with dimen-
sion one, initialization function “normal”, no activation function. We
trained the model using “Adam” as optimizer, “MSE” and “MAE” as
Loss functions (number of epoch set to 10 and 100).
• Deeper Neural network (DNN in the following), a neural network re-
gression model with a sequential architecture composed of three dense
connected layers: the first layer with 32 neurons, initialization function
“uniform” and activation function “ReLu”; the second one with 16 neu-
rons, initialization function “uniform” and activation function “ReLu”;
6https://scikit-learn.org/stable/
7https://keras.io/
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colsample bytree 0.5, 0.7, 0.8, 1 0.5
gamma 0, 2, 5, 7, 10, 12, 15 0
learning rate 0.001, 0.005, 0.01, 0.02, 0.04, 0.06, 0.08, 0.1, 0.2, 0.4 0.005
max depth 1, 2, 4, 8, 16, 32, 64, 128 64
min child weight 1, 2, 4, 8 4
n estimators 25, 50, 100, 200, 400 50
subsample 0.5, 0.7, 0.8, 1 1
the last layer with dimension one, initialization function “normal”, no
activation function. We trained the model using “Adam” as optimizer,
“MSE” as Loss functions (number of epoch set to 10). We did some
experimentation with 100 epochs, but results where worst than with 10.
• SVM, which is the Python implementation of the library for Support
Vector Machines [34], that are also capable of performing support vec-
tor regression. Specifically, we tested two nonlinear kernels: PolyKernel
(SVM-P in the following) and RBFKernel (SVM-E in the following),
both within the nu-SVR SVM type and with the normalization step
active.
• Learning to Rank (LtR in the following), which is typically used in in-
formation retrieval to predict the correct order of retrieved documents
[94]. In this chapter, we use it to rank the systems of various competi-
tions. Specifically, we rely on Python’s XGBRegressor package with a
rank:pairwise objective.
To avoid over-fitting phenomena, as well as to ease reproducibility, we did
not fine-tune the parameters of the algorithms, but instead relied on their
default values, with the exception of XGBRegressor, that typically requires a
tuning phase to get the best results: specifically, to select the most appropri-
ate choices for the model parameters, we performed a tuning phase, relying on
GridSearchCV method from Scikit-learn library. As its name suggests, it
performs a grid search in a given parameter space, returning their best com-
bination, according to the performance exhibited by the trained model. Such
score has been evaluated through 4-fold cross-validation on the training data.
Table 7.2 reports the tuned parameters, together with their search space and
optimal values.
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7.5.3.3 Results
Results are reported in Figures 7.14–7.19. The two leftmost panes show again
the best individual methods (1st pane) and the best data fusion approaches
(2nd pane). The accuracy of the twelve machine learning approaches is pre-
sented next (3rd pane), as well as two variants discussed later (4th pane). Dif-
ferently from previous charts, those in this figure do not show the data point
for the TREC3 dataset, the reason being that the machine learning techniques
need at least a collection to be used as a training set. Thus the box-plots in
the first two panes are slightly different from those presented in the previous
figures, since there is one point less.
We can draw several conclusions. Looking at the median values, SVM-E
is consistently the most effective machine learning approach; SVM-E is never
worse than the best data fusion technique. When using AP ρ and rs (as well as
for τ , not shown here) as accuracy measures, SVM-E is the best possible option,
as it outperforms the most effective individual methods, and the difference with
NC-BC and SL is statistically significant at the .05 level (also note that data
fusion methods are particularly ineffective in this case). SVM-E variation
(measured as interquartile range) on AP rs is also much smaller than the
variation on the best individual methods. Finally, SVM-E is also the best
possible option for AAP ρ (rs and τ are similar). Moreover, the machine
learning approaches are trained on AP values (the reason being the small
amount of data available that makes it ineffective to work on MAP), whereas
the individual methods are aimed at MAP prediction. This different objective
reduces the effectiveness of learning algorithms in MAP prediction. While of
course MAP prediction can be considered an interesting final aim, the fact
that machine learning approaches outperform the best individual methods on
AP is encouraging, also taking into account that the generality of the machine
learning approach can allow to include same MAP tailoring as well.
The variants shown in the rightmost panes of these charts are obtained
by learning on the single most similar collection (called SVM-E1) and on the
two most similar ones (called SVM-E2). Learning on the three most similar
datasets (SVM-E3, not shown) is indistinguishable from SVM-E2. As the simi-
larity measure we use the average Kolmogorov-Smirnov distance [103] between
the distributions of AP values predicted by the individual methods. The un-
derlying hypothesis is that the more similar the training data to the object of
prediction, the smaller the training set needed, and the higher the accuracy
results. Note that SVM-E1 and SVM-E2 are as effective as SVM-E. Moreover,
SVM-E1 is more efficient than SVM-E as one does not need to train the re-
gression SVM on many collections but can select just the most similar ones,
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on SVM-E2 than SVM-E: training on more datasets allows learning a more
stable model.
However, a more careful inspection of the charts reveals that both the
data fusion and the machine learning approaches perform particularly badly
on specific datasets, namely the Web track collections. This is even more
manifest when looking at the AP box-plots, where W11, W12, and W13 are
consistently among those with lowest accuracy. These collections, as remarked
in Section 7.2.3, feature non-binary relevance judgements: it might be that the
binarization that we performed to compute AP introduced too much noise (or,
in general, due to other irregularities in the judgements of such collections). We
therefore performed the same analysis focusing on non-Web collections only,
i.e., those with binary relevance. Results show (not reported here) that the
top three individual methods are slightly different from Figures 7.14 and 7.16,
whereas the top three data fusion approaches do not change. When accuracy
is measured with τ , as well as rs (not shown), SVM-E approach shows the
same accuracy of the top individual methods.
To conclude, we make two final remarks. When evaluating ML results,
the well-known cross-validation technique is often used: a dataset is split into
complementary subsets, and the tested machine learning approach is learnt
and evaluated multiple times using different partitions [87]. However, due to
the intrinsic definition of our problem, we cannot rely on such a technique. In
fact, we cannot do cross-validation using each collection as a whole, since we
select, as the test data, a collection that has been released on a specific year
and then we use as training data all the collections that have been released over
the previous years (see also Section 7.5.3.1). In other words, given a specific
year we can only treat the collection of that year as testing set and past
collections as training set. Furthermore, we cannot perform cross-validation
by selecting/removing some individual AP scores (i.e., 〈system, topic〉 pairs)
from the training and test set since, in order to test the effectiveness of our
ML setting, we need all the AP scores for a given collection. Thus, we can
only treat a collection as a monolithic item, which can not be split into sub
parts.
The second remark is that a natural extension of this chapter would be to
provide techniques and guidelines on which combination approach is the most
effective giving some particular characteristics of a dataset. We performed
some preliminary analysis and tried to find patterns and correlations between
the AP / MAP / AAP scores of a given collection and some of its most intuitive
and straightforward features, such as the number of systems, the number of
topics, the average scores of systems and topics, and so on. However, we failed
to find any of such correlations. We believe that a sound and complete analysis
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of the correlation between the collection features and the scores would require
another paper to be investigated properly; thus, we leave such an analysis for
future work.
7.5.3.4 Transfer Learning
In this setting, Transfer Learning (TL) seems a natural and promising direction
to explore. In fact, TL is used when training and test data are not drawn from
the same feature space and/or do not have the same distribution. Indeed, when
the distribution changes, the results of a predictive learner can be degraded.
Our research task falls in this context. In fact, samples of the past collections
(training data) and those of the current collection (test data) are collected
under different conditions, thus have different distribution. Moreover, TL has
been proven to be an effective methodology in a somehow related setting: the
vertical selection for web search [5].
Thus, as a final result of this chapter we attempt to study this idea and
we report some results on six datasets: TREC3, TREC5, TREC6, TREC7,
TREC8, and TREC01.
We try TL on M5P, RF, SVM-P, SVM-E. We investigate a specific trans-
fer learning algorithm called “Maximum Independence Domain Adaptation”
(MIDA) [192], which achieves state-of-the-art results in several contexts. We
learn a model on a single dataset only, and transfer it to another one, for
two different reasons: first, the aggregation of multiple train collections into
a sort of big training collection is not trivial, and might be wrong in our TL
setting; the aim of TL algorithms is to transfer knowledge between different
models/dataset, leveraging their differences; thus the fusion of different mod-
els/dataset should be avoided. Second, all TL algorithms, including MIDA,
present a high computational complexity, and algorithm convergence issues,
that prevent them to run on a large amount of data.
We did some experiments with the TL algorithm TCA [122], but results
where almost indistinguishable from the ones obtained with MIDA. We leave
to future work experiments on learning on more than one dataset, and on using
different TL algorithms.
Figure 7.20 compares TL to the classical learning methods on the six
datasets. The comparison is for MAP (τ) only, as the other measures show
a similar behaviour and thus are not reported here. The charts show pairs of
box-plots (one pair per panel): for each pair, the box-plot on the left shows
some of the classical non-TL methods reported in previous figures, but when
training on a single dataset; we report RF, SVM-P, and SVM-E: we include
the former to use a tree based method, and the SVM variants because are the
most effective in the non TL scenario. The box-plot on the right of each panel
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avoid other researchers to perform the same attempts; and (iv) the results
on method combinations by means of machine learning algorithms provide a
practical methodology for the researcher that wants to run an effectiveness
evaluation without human relevance assessments. Overall, our results show
that the combination of the methods for effectiveness evaluation without rel-
evance assessments is a viable approach, is effective and robust when using
off-the-shelf, state-of-the-art machine learning algorithms, and provides a use-
ful framework for future improvements. In particular, despite being sometimes
outperformed by the best single method, the combination of the methods for
evaluation without relevance assessments via machine learning is more effec-
tive than a random selection of the individual methods, and less risky in the
real case scenario, where neither the knowledge on the performance of the










This chapter is structured as follows: Section 8.1 introduces, Section 8.2 dis-
cusses binary and graded relevance scales, Section 8.3 discusses continuous
relevance scales, and Section 8.4 discusses the dimensions of relevance and
biases.
8.1 Introduction
Over the last few years, the increasing size of document collections created
the need to scale the gathering of relevance judgements. For this reason,
crowdsourcing has become a consolidated methodology to create relevance la-
bels for query-document pairs given a judgement pool. In order to produce
crowdsourced relevance labels at a quality level comparable with that of expert
assessors a number of techniques have been proposed and evaluated in liter-
ature. A common approach is to collect relevance judgements for the same
query-document pair from different crowd workers and to aggregate them to-
gether [4, 75, 178] thus allowing to remove noise in the labels. Past research
also showed that asking for a justification for the judgements [104] and that
limiting the time to judge [98] can increase crowdsourced relevance judgement
quality. In our work we leverage crowdsourcing to collect relevance judge-
ments over different scales and build on top of existing crowdsourcing research
in terms of quality checks and HIT design best practices.
8.2 Binary vs Graded Relevance judgements
Relevance is a central concept in IR [154] evaluation; IR systems are usu-
ally evaluated using test collections, which are composed of (i) a collection
of documents, (ii) a set of queries (called topics), and (iii) a set of relevance
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assessment for each (topic, document) pair in a pooled set of documents; such
assessments are made by human experts according to an ordinal scale, which
is usually binary.
Test collections can be created by means of a competition: participating
systems return a ranked list of n documents (usually 1000), which are then
used to compute the judging pool (e.g., the top 100 documents returned by
each system, for each topic). The documents in the pool are the ones assessed
by human experts. The produced relevance judgements are used together with
the ranked lists produced by the systems to compute an effectiveness metric
for each (system, topic) pair; a commonly used metric is Average Precision
(AP). In order to provide a final rank of participant systems, the effectiveness
scores are averaged over the set of topics; for example, the average of AP scores
originates Mean AP (MAP).
Historically, relevance judgements were made by assessing whether a doc-
ument is relevant or not to a topic; then, based on the observation that more
than two levels might be needed, a set of novel metrics which incorporate mul-
tiple levels relevance scales were developed, such as, for example, Normalized
Discounted Cumulative Gain (NDCG) [79], Expected Reciprocal Rank (ERR)
[35], and Q-Measure [146].
Concerning the ideal number of relevance levels to be used, over the years
many proposal have been made: a three-level scale was used in TREC-Terabyte
Track [38], a six-level scale was used in TREC-Web Track [41], a seven-levels
scale was proposed by Tang et al. [169] when studying evaluation of biblio-
graphic records by students, using relevance scales with a range of levels from
two to eleven. Then, Maddalena et al. [99] proposed an unbounded scale based
on Magnitude Estimation, which is described in the following. Carterette et al.
[27], Chandar and Carterette [33] discussed pairwise preference judgements.
Despite the many different approaches on relevance scales, the question of how
many relevance levels should we use is far from answered. In our work we
present a comprehensive study on the effects of relevance scales on IR evalua-
tion proposing a fine-grained scale at 100 levels that incorporates the benefits
of both bounded scales as well as the flexibility of an unbounded scale.
8.3 Continuous Relevance and Magnitude Es-
timation
We provide some more details on the use of ME since we compare against it
in the following, and since our experiments rely on reassessing documents on a
100-level scale following the same experimental setting. ME is psychophysical
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technique used to measure the intensity of sensations [99]. The ME technique
asks a human subject to give as a first response a number in the range (0; +∞);
the successive numbers are assigned to reflect their relative difference; the
outcome of ME are a set of measurements in a ratio scale [59]. Maddalena
et al. [99] evaluated, using the CrowdFlower1 platform, 18 TREC-8 topics, for
a total of 4,269 documents. The documents are the top 10 documents returned
for IR systems competing in the ad-hoc track; some documents (i.e., 3,881)
were previously evaluated by TREC assessors using a binary scale, and some
of those documents (i.e., 805) have been reassessed in the study by Sormunen
[162] using a 4-level scale.
Results from [99] show that: (i) ME aggregated judgements are closely
aligned with the ordinal coarse-grained scale, both overall and across topics;
(ii) the gathered judgements have shown a high level of agreement with both
TREC and Sormunen; (iii) the impact on system evaluation, i.e., the correla-
tion between the system ranking when using ME judgements, has a Kendall’s
τ correlation of 0.677 with the official TREC ranking using NDCG@10.
In this chapter we look at the challenges and opportunities of using S100
as compared to ME, binary and 4-level scales by means of comparative ex-
periments using crowdsourcing platforms to collect relevance judgements at
scale.
8.4 Relevance Dimensions and Biases
Recently, Jiang et al. [81] looked at the use of a multi-dimensional relevance
definition including novelty, understandability, reliability, and effort for contex-
tual judgements that are performed by assessors when looking at the search
engine result page. In our work we rather focus on the classic definition of
relevance based on topicality and look at the effect of different scales on IR
evaluation.
Eickhoff [49] looked at the effect of cognitive biases in crowdsourced rele-
vance judgement tasks. He showed how crowd workers are affected by fellow
workers’ answer (Bandwagon effect) and by being presented with multiple op-
tions (Decoy effect). The existence of the Decoy effect proves that workers
judgement is indeed affected by other documents they have seen before judg-
ing a given document, thus supporting even more the need for fine-grained
relevance scales (as we propose in our work) that enable workers to express
slight relevance differences across different documents.
Palotti et al. [121] propose a framework to evaluate systems assuming the
presence of multidimensional relevance, focusing on health search tasks. Lioma
1https://www.crowdflower.com/
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et al. [92] consider both the effectiveness and credibility in ranked lists. Palotti
et al. [120] considered both disagreement and other factors in crowdsourcing
when gathering labels and consider multiple relevance dimensions. van Doorn
et al. [177] consider different criteria and set of rankers that use a gain function
based on a multi dimensional relevance. Zuccon [199] proposes a methodology
to integrate together multiple relevance dimensions.
Chapter 9
Crowdsourcing for IR
Evaluation and Fine Grained
Relevance Scales
This chapter deals with the usage of crowdsourcing for retrieval evaluation and
experiments on the usage of fine grained scales. Section 9.1 introduces and
frames research questions, Section 9.2 presents a 100 level relevance dataset,
Section 9.3 investigates the comparison with other scales, Section 9.4 the ro-
bustness to fewer judgements, Section 9.5 addresses the issue of running out of
values, and Section 9.6 considers the time factor. Finally, Section 9.7 concludes
the chapter
9.1 Introduction and Research Questions
Relevance assessment is an integral part of Information Retrieval (IR) eval-
uation, since the Cranfield experiments, through the TREC and TREC-like
initiatives. In the recent years the collection of relevance judgements is being
studied using crowdsourcing. To gather relevance labels, several scales have
been used in the past. The most common are the classical binary scale, or
ordered scales with a limited number of categories (usually ranging from 3
to 7). It has recently been proposed [99, 173] to use Magnitude Estimation
(ME) to gather relevance assessments on a ]0, +∞[ scale that has the following
advantages:
1. It is more fine-grained than the above alternatives (and thus, at least po-
tentially, allowing to capture relevance differences that would otherwise
be lost);
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2. It is able of always providing to the assessor a smaller or higher relevance
value, and even a value in between other two, always allowing to assign to
a new document a relevance value unforeseen in advance. This happens
in particular at the extremes of the scale, but also for the values internal
to the range; and
3. It can adapt to different assessors’ preferences (e.g., those who prefer to
use a binary scale can do that and those who prefer to judge in a scale
from 1 to 10 can also do that).
ME is not free from disadvantages, though:
• It requires a normalization of the collected scores since each assessor is
free to use a different “internal” relevance scale. This normalization is
not simple, and it is not clear which is the best alternative, although
some techniques seem to be reasonably effective [99, 173];
• It does not allow for a direct comparison of scores provided by different
judges and/or on different topics as the score normalization is typically
performed on a topic-by-topic basis;
• It is somehow unnatural, or at least it requires some adaptation for the
human assessor as compared to most common rating scales which are
bounded; and
• it leads to a log-normal distribution of relevance scores.
In this chapter we discuss and experimentally evaluate by means of large-
scale crowdsourced relevance judgements the use a fine-grained scale on 100
levels (S100). Using the proposed 100 levels scale, the human assessor judges
the relevance of a document with respect to a query by means of a number
in the [0..100] range (extremes included, thus the levels are actually 101; we
name it S100 anyway). Such a scale can be seen as a sort of compromise
between the classical a-few-categories relevance scales and ME. We run a large
scale crowdsourcing experiment to collect more than 50 thousand labels on
such a scale, we discuss its advantages and disadvantages with respect to the
already proposed alternatives, and we experimentally compare our judgements
with judgements on coarse-grained scales (i.e., binary and 4-levels) and with
judgements using ME.
More specifically, our research questions are:
• RQ1 Can relevance values be collected in a reliable way using a 100
levels scale in a crowdsourcing setting?
– How do crowd workers choose to use the proposed scale?
– Are the collected labels consistent with standard ground truths?
• RQ2 What are the differences between S100 and ME?
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– What are the effects of the relevance scale on IR system evalua-
tion/ranking?
– Which scale is more robust to decreasing the number of judgements
per topic/document pair? What happens when collecting fewer
judgements per assessor?
– ME requires some learning to be used effectively by crowd workers
as it is not like rating scales they are already used to. What happens
to judgement quality when the number of documents judged by each
worker in each HIT1 decreases?
– ME allows to go beyond the maximum and minimum judgement
level previously used, and to always find a judgement in between
two previously expressed judgements. Are these properties required
and useful in practice when using S100?
– Are S100 and ME different w.r.t. the time needed to express judge-
ments? Does ME require more adaptation time when used for the
first time (i.e., on the first documents)?
Our main findings are:
• w.r.t. binary and coarse-grained relevance scales, S100 gives assessors
more flexibility in terms of preferential judgements over the documents
they are presented during the judging task. Assessors using S100 also
have the freedom to judge on a 10-level scale (or 4-level, etc.). It also
better aligns with coarse-grained scales as compared to ME (see Section
9.3).
• w.r.t ME, S100 gives assessors a reference point by providing upper and
lower scale boundaries (see Section 9.3).
• S100 is more robust than ME to both fewer assessors per document and
fewer documents per assessor (see Section 9.4).
• The theoretical problem of running out of values (at the extremes of
the scale) does not occur often in practice, at least in our setting. Of
course, with more document to judge for each worker, the problem might
manifest (see Section 9.5).
• If a fine-grained scale is preferred, using ME in a crowdsourcing set-
ting can provide results faster while S100 enables direct comparison over
topics and workers and does not require normalization (see Section 9.6).
• While ME shows a steeper learning curve with more time needed to judge
the first few documents, it becomes faster for crowd workers to judge with
ME compared to S100 in the long term. Considering that crowd work is
long-tail distributed with most workers completing very few HITs, S100
1Human Intelligence Task, the task that each worker has to perform.
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may be a more efficient strategy for crowdsourced relevance judgements
(see Section 9.6).
9.2 S100: A 100-Level Relevance Dataset
In this section, we present the results of our crowdsourcing effort aimed at
collecting on a 100-level scale. To make our dataset comparable with oth-
ers, we followed the experimental design defined by [99] and reassessed 4,269
documents from 18 topics of TREC-8 ad hoc collection, in a [0, 100] discrete
scale. As done in [99], we used the CrowdFlower crowdsourcing platform and
rewarded workers $0.2 for each HIT performed (defined as a sequence of 8
documents which required to be judged in relation to one topic).
The main design difference as compared to that used for the ME collec-
tion by [99] is in the HIT graphical interface which, in our case, expects the
relevance score to be given by using a [0,100] slider, instead than using a text
field and an unbounded scale. The adoption of the slider is motivated by
the bounded and fine-grained scale and it commonly used for rating items on
multi-level scales (see, for example, [77]). In terms of quality checks, we per-
formed the same checks as [99] (i.e., a test question on topic understanding; at
least 20 seconds spent on at least 6 of the 8 documents in the HIT; consistency
of judgements on two gold documents included in the 8 documents). Addition-
ally, we required workers to move the slider (which was pre-set at 50) for at
least 4 of the 8 documents. When failing the quality checks, workers were al-
lowed to restart the HIT and change their previous answers. Up to 3 attempts
were allowed. We tracked the times spent by each worker on each document,
and these were cumulated over different attempts. We observed that 85.3%
of workers completed the HIT after the first attempt, 11.2% after the second,
and 3.5% after the third. Workers could not work on a topic more than once,
but they were given the chance to repeat the task on different topics.
9.2.1 judgement Distribution in S100
Figure 9.1 (a) shows the distribution of the individual scores gathered for S100:
the x-axis represent the score obtained by a document, the y-axis represent its
frequency; the red line represent the cumulative distribution. Figures 9.1 (b)
and (c) show the distribution when doing a breakdown on non-relevant docu-
ments and on relevant documents, according to TREC assessors, respectively.
From the plot using all the judgements (Figure 9.1 (a)) we see that, as ex-
pected, the distribution is clearly skewed towards lower (less relevant) scores;
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lists, we define the following agreement function3
pos agr(A, B, i, j) =
{
1 if xi 6= xj ∧ yi < yj ∧ x ∈ A ∧ y ∈ B
0 otherwise,
that tells us whether the ordering of two documents is consistent across the
two judging sets. Thanks to this we can now define the agreement score as the















Note that this is not a symmetric measure, but it rather computes agree-
ment of Y ratings as compared to X considered the baseline judgements. This
measure computes the number of agreement pairs between the two datasets.
That is, if a document w has a higher relevance judgement score than a doc-
ument z according to judgements in X, we would like the same order w ≥ z
to be maintained in Y . That is, the relevance judgement score of w should be
higher than z according to Y judgements.
9.3.2.2 Comparison with other scales
Figure 9.5 shows the complementary cumulative distribution function (showing
how often agreement is above a given value) of pairwise agreement for S100
and ME with respect to TREC binary judgements. The ME series is another
representation of the data in [99, Figure 6]. The comparison highlights that
agreement levels in S100 are higher than ME.
Figure 9.6 shows the topics ordered by another standard measure of agree-
ment, Krippendorff’s α [88]. We can make the following observations:
• Agreement scores for judgements collected with S100 are substantially
higher than those collected with ME.
• There is some consistency across S100 and ME in the sense that topics
with high/low agreement tend to be the same.
• Agreement over TREC non-relevant documents is higher as compared to
relevant ones.
• Agreement on the non-relevant documents as compared to agreement on
all the documents is similar in the two figures, whereas agreement on the
relevant documents as compared to agreement on all the documents is
higher in S100 than in ME (the green “TREC: 1” series is “pulled up” in
3We consider yi < yj rather than xi ≤ xj as we assume X to use a coarser-grained scale
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Table 9.1: The number of cases with exactly k 0s or 100s in the same HIT,
and the corresponding number of potential run-out-of-values cases in the S100
dataset.
k 0 1 2 3 4 5 6 7 Tot
0s 2355 803 694 689 736 786 641 355
100s 3796 1808 846 398 133 55 19 4
k − 1 1 2 3 4 5 6
0s* 0 0 694 1378 2208 3144 3205 2130 12759
100s* 0 0 846 796 399 220 95 24 2380
This value is much higher in S100 than in ME. In ME the number of single
“back” actions was 106, and the number of two or more “back” actions was 9
[99, Table I], whereas for S100 these two figures are 113 and 182 respectively:
although the numbers are still very limited (more than 95% of S100 workers
did not use the “back” button at all), the differences are noticeable and might
be ascribed to a higher difficulty in finding the “right” relevance score. In the
next two subsections we present a more detailed analysis, addressing the two
issues (i) and (ii).
9.5.1 Reaching the Scale Boundaries
Table 9.1 shows in the first part the number of HITs with “boundary judge-
ments”, i.e., with exactly k 0s or 100s in the S100 dataset. The HITs without
or with only one boundary judgement (i.e., only one 0 or one 100, in ital-
ics in the table) do not create any potential problem; instead, the boundary
judgements after another boundary judgement (i.e., in the same HIT, one or
more 0s after a first 0, or one or more 100s after a first 100) might be cases in
which the worker could have used a lower or higher value if available. So, the
HITs with at least two boundary values (the following columns) are those in
which, at least potentially, the worker “ran out of values” at each extreme of
the scale. A lower (higher) value, if available, could have been selected for each
of the k − 1 “boundary judgements” after the first one. The numbers of such
“boundary judgements following other boundary judgement(s)” are quantified
in the lower part of the table: these are obtained multiplying by k − 1 the
figures in the previous two rows (for example, the 2’208 value is obtained as
736x(4-1): in 736 HITs the workers used 0 for 4 times, and the last three in
each HIT are candidates for “run-out-of-value” cases).
To provide an understanding of the frequency of the problem, let us re-
member that we had a total of 7’059 HITs, each one containing 8 documents.
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Since the first expressed judgement in each unit can not be preceded by an-
other (boundary) judgement, we have 7’059x7=49’413 judgements that could
have manifested the problem. Of those, the problem manifests for a total of
12’759+2’380=15’139 cases (31%). Of course this is not negligible: in almost
one case out of three a worker might have been restricted in expressing the true
intended judgement. However, this also means that in 69% of the expressed
judgement we can say that the worker was not restricted by the boundaries of
the S100 scale. Moreover, these 31% of cases are only potential problems, as it
might well be that the worker intended to express exactly the same judgement
and did not actually run out of values. Therefore, we further analyzed these
potential run-out-of-values cases in two ways.
First, we looked in our S100 dataset what fraction of the boundary judge-
ments 0 (or 100) expressed by a worker in a HIT after the first boundary
judgement corresponds to a document that has a strictly lower (higher) aggre-
gated score. These are cases in which the worker ran out of values, assuming
that the intended score corresponds to the aggregated one. This happened
7’523 cases, namely 50% of the 15’139 potential problematic cases, or 15% of
the total 49’413 judgements expressed.
Second, we looked in the ME dataset how many of the 15’139 potential
run-out-of-value cases received an ME score that was lower (for the 0s), or,
respectively, higher (for the 100s) than the first corresponding boundary judge-
ment in the unit. These are cases in which the worker ran out of values assum-
ing that the judgement expressed by the ME worker in the corresponding unit
was exact. This happened for 4’309 cases, namely 28% of the 15’139 potential
problematic cases or 9% of the total 49’413 judgements expressed.
So, the two analyses roughly agree that in only around one out of ten cases
the bounded scale seems to have indeed limited the assessor, and therefore
in about 90% of the expressed judgements the S100 scale did not create any
obstacle to judgement expression.
9.5.2 Discrete vs. Continuous Scale
The second situation in which the S100 scale could constrict judgement ex-
pression is when contiguous values are selected, thus making impossible for
the worker to select another, different, value in between in the following judge-
ments in the same HIT. We counted in our S100 dataset how many scores x
were preceded by both x and x + 1 (or by both x − 1 and x) in the same
HIT. These are the cases in which, potentially, the worker could not give a
y ∈]x − 1, x[ (or y ∈]x, x + 1[) value because of the discrete scale. There were
1’911 such cases, out of the 7’059x6=42’354 possible ones (as we need to count






In this chapter we presented a systematic study comparing the effects of dif-
ferent relevance scales on IR evaluation. We have shown many advantages of
the S100 scale as compared to coarse-grained scales like binary and S4 and
to unbounded scales like ME. S100 preserves many of the advantages of ME
like, for example, allowing to gather relevance judgements that are much more
fine-grained than the usual binary or 4-value scales. Assessors use the full
spectrum, although sometime with a preference for scores that are a multiple
of ten. S100 has also demonstrated advantages over ME in terms of agreement
with judgements collected on a binary and four level scales. This can be ex-
plained by the fact that ME requires a step of score normalization which makes
judgements less comparable across assessors and topics. On the other hand,
S100 leads to more similar judgements (i.e., higher agreement) to the classic
binary and four level scales. S100 has shown to be more robust than ME in
terms of less assessors per documents (to be aggregated, as typically done for
crowdsourced relevance judgements) and to less documents per assessor thus
giving the freedom to crowd workers to perform few or many judging tasks.
Our results show that the potential constraints in judgement expression that
the S100 scale might create with respect to the complete freedom of ME al-
most do not occur in practice since about 90% of the judgements did not suffer
from this problem. The S100 scale also seems easy to learn for the workers
and turns out to be faster than ME for short HITs with 5 or less documents
to be judged, and of comparable speed for longer HITs. Overall, our results
show that S100 is an effective, robust, and usable scale to gather fine-grained
relevance labels.
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Chapter 10
Transforming Relevance Scales
used for IR Evaluation
This chapter deals with the usage of crowdsourcing for retrieval evaluation and
in particular discusses transofmrations between relevance scales. Section 10.1
introduces, motivates the work, and frames research questions, Section 10.2
presents the experimental setting, Section 10.3 presents and discusses the re-
sults, Finally, Section 10.4 concludes the chapter.
10.1 Introduction and Research Questions
One of the design decision to make when creating an Information Retrieval (IR)
evaluation collection is which relevance scale to use for judgements. While, his-
torically, binary relevance judgements have usually been collected, and metrics
based on binary relevance like, e.g., precision, recall, and average precision,
have been used, more recently multi-level relevance scales have become pop-
ular. There are several reasons for this. One reason is the availability of
gain-based evaluation metrics like NDCG [79], which are defined also for non-
binary relevance judgements.
Another reason can be found in the increasingly popular use of Crowd-
sourcing, which has become a standard methodology to create relevance labels
for IR test collections. One of the main challenges of the use of crowdsourcing
to collect relevance judgements is quality. To address this issue a number of
approaches have been proposed including task design methods [98, 156] as well
as multiple assignments of the same topic-document pair in order to aggregate
judgements from different workers to improve the overall judgement quality
[44, 178]. Some of the existing aggregation functions produce a value that is
still in the original scale; some others like, e.g., arithmetic mean or median, can
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produce an aggregated value that does not belong to the original scale, thereby
obtaining more fine-grained relevance values. Following this trend, recent re-
search has specifically and deliberately looked at the effect of unbounded and
fine-grained relevance scales, thereby producing relevance labels on scales that
have 101 values [137] or are even unbounded [99, 173].
The existence of IR evaluation collections using different relevance scales
does not allow for possible comparisons of evaluation results or merging of col-
lections. Additionally, the evaluation of IR systems is limited to the relevance
scale used by the specific test collection. This leads to a natural research
question: how to transform one scale into another? Indeed, quite often in
the past, IR researchers have transformed relevance judgements collected on
a multi-level scale into a coarser-grained scale, e.g., from a 4-level (highly rel-
evant, relevant, marginally relevant, and not relevant) scale to binary for the
sake of using IR evaluation metrics that require binary judgements (e.g, Av-
erage Precision, Mean Reciprocal Rank, etc.) [57, 83, 84, 101, 119]. More
in general, whenever an evaluation metric requires a coarse-grained scale, the
relevance judgements collected on a fine-grained scale need to be transformed.
In these examples, researchers have arbitrarily defined certain scale trans-
formation thresholds to map relevance judgements from a source scale (e.g.,
4-levels labelled as 0, 1, 2, and 3) into a target scale (e.g., binary with levels
labelled 0 and 1), for example, by transforming 0 and 1 judgements in the
source scale as 0 in the target scale and 2 and 3 in the source scale as 1 in the
target scale, and doing so for all topics in the collection. Another solution has
been to transform 0 into 0 and 1, 2, 3 into 1. These approaches were named
“rigid” and “relaxed”, respectively, in early NTCIR editions (e.g., NTCIR-4
CLIR task) [83]. Thus, the problem is defined as finding the best thresholds
in the source scale (which we call cuts in this chapter) that allow us to then
transform judgements from the source to the target scale.
We believe that a more principled approach is needed, and possible. The
cuts should not be selected arbitrarily but rather on the basis of more informed
decisions. For example, the same cut has been typically used uniformly across
all topics, but different cuts for different topics (for example, based on the
number of relevant documents available for that topic) may be more accurate.
Even more, different cuts might be needed for different assessors. Indeed, there
seems to be some evidence that the “one-cut-fits-all” approaches are inadequate
since different topics show different relevance profiles [99, 173]. To the best
of our knowledge, such a systematic study of scale transformations has never
been performed so far.
Besides aiming at better understanding scale transformations, we also men-
tion that another reason for this research is to save resources: in the above
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cited large scale crowdsourcing experiments [99, 137, 173], we estimate that
gathering relevance judgements costed about $100 for each topic consider-
ing 129 systems and a pool depth of 10. If fine-grained to coarse-grained
scale transformations were available and reliable, an experimenter could col-
lect the fine-grained relevance labels only, and rely on scale transformations
when coarse-grained labels are needed. Equivalently, one could run all the
experiments anyway but scale transformations would allow to gather more re-
liable data with the same resources (i.e., money, time to design and run the
experiments, data cleaning, etc.).
Finally, although in this chapter we focus on relevance judgements, the
same issue might be found in other scenarios like fake news detection (where,
for example, six levels have been used [185] but it seems reasonable to use
accuracy as an effectiveness measure, which requires binary values), sentiment
classification where 5-star ratings are often transformed in three classes [1] or
binarized in an ad-hoc manner (e.g., reviews with more than 3 stars are con-
sidered as positive and less than 3 stars as negative [113]), and many other
classification-like problems. Our results might be useful also for those cases.
While we do not address the last two issues in this chapter, we rather present
an in-depth analysis of the effects of relevance scale transformations on IR
evaluation and present a comprehensive set of transformation approaches for
crowdsourced relevance judgements systematically observing the effects on IR
evaluation results. We also show that judgements collected for different topics
are best transformed using different cuts in order to maximize assessor agree-
ment and IR system ranking correlation. The main contribution of this chapter
is an understanding of the effects of transforming relevance judgements into a
more coarse-grained scale than that used to originally collect the judgements
and a set of guidelines on how to best select cuts to transform judgements into
a different scale.
Thus, the research questions we focus on are the following:
RQ1 How to transform relevance scales with target scale data?
RQ2 How to transform scales without target scale data?
RQ3 Is there any difference when transforming expert or crowdsourced judge-
ments?
RQ4 Should we transform scales differently for each topic or in the same way
for an entire judgement collection?
RQ5 What is the effect of assuming unjudged documents as not-relevant on
transforming scales?
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Table 10.1: The five datasets we use in this chapter.
2-levels 4-levels 101-levels
Expert TR2 (TREC-8) So4 (Sormunen)
Crowd S2 S4 S100
RQ6 Which scale transformation method should we adopt to obtain IR eval-
uation results more similar to when using expert judgements?
10.2 Experimental Setting
In this section we describe the datasets, the measures, and the transformation
methods used in our experiments. We also briefly discuss the effect of unjudged
documents.
10.2.1 Relevance judgement Datasets
Aiming at investigating the effect of scale transformations, we identified a set
of 18 search topics from TREC-8 [182] judged by NIST experts using a bi-
nary scale. Some of the documents retrieved for such topics were subsequently
re-judged by Sormunen [162] on a 4-level ordinal relevance scale: N–not rel-
evant (0); M–marginally relevant (1); R–relevant (2); H–highly relevant (3).
Then, Roitero et al. [137] ran a crowdsourcing re-assessing exercise using
a 101-level ordinal relevance scale. Such a crowdsourced reassessment pro-
duced a total of 4269 topic-document judgements, of which 90.9% have binary
TREC relevance judgements available, and 18.9% have Sormunen 4-level ordi-
nal judgements available. The differences in the overlap of judged documents
among these collections are due to the different sampling strategies adopted:
the 4-level collection [162] contains only a sample of the documents judged by
TREC, constructed by skipping many documents already judged as not rele-
vant by TREC assessors; the 101-level collection contains judgements for all
documents retrieved in the first 10 ranking positions by at least one system;
and in TREC-8 some systems did not contributed to the pool (so they might
have unjudged documents in the first ranking positions). Additionally to these
datasets, in this chapter we also use new crowdsourced re-assessments of the
same documents used by Roitero et al. [137] using both a binary and a 4-level
scale.
Thus, in summary (see Table 10.1), we use two expert-generated collections:
one generated by NIST assessors for TREC-8 using a binary scale (in the
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following we refer to this data set with TR2, for TREC and binary) and one
generated by assessors used for [162] using a 4-level scale (So4). We also use
three crowdsourced collections: one generated using a 101-level scale (S100)
where workers assign values by a slider bar in the same way as in [137], one
using a 4-level scale (S4), i.e., the same one used in [162], where workers
choose the values by radio buttons, and one using a binary scale (S2). In the
crowdsourced collections we use in this chapter, each crowd worker had to judge
8 documents for a single topic in a HIT (Human Intelligence Task, the basic
unit of work to be performed by a crowd worker) and each document has been
independently judged by 10 different crowd workers to be able to aggregate
their judgements and improve the dataset quality. The three crowdsourced
datasets contain exactly the same 4269 topic-document pairs and only differ for
workers who completed the HITs and for the relevance scale used to collect the
judgements. The crowdsourced data collections have received ethics approval
from the review board by the authors’ institutions.
10.2.2 Measuring the Similarity of Relevance judgement
Sets
When transforming a judgement set into a different target scale, we are able
to use the transformed judgements to evaluate IR system effectiveness and to
compare the evaluation results with those obtained using the original judge-
ment set. We can do this by means of Kendall’s τ correlation between the
IR system rankings generated using the two evaluation sets. Another method
to compare the original relevance judgements with those transformed to the
target scale is to rely on assessor agreement measures. Using all judgements
in a crowdsourced IR collection, we measure the agreement among different
assessors who contribute to the judgement set, which we define as internal
agreement. When using this approach to compare original and transformed
judgement sets, we can measure how much the judgements transformed in the
target scale agree among themselves as compared to the internal agreement
of the judgements in the original scale. When another dataset collected in
the target scale is available, we can also define external agreement by mea-
suring assessor agreement between the transformed judgements and the ones
collected natively in the target scale, to check how the transformed judge-
ments align with the (expert or crowd) judgements in the other available
target-scale dataset. Note that by using internal agreement we identify the
best cut that maximizes the agreement of the transformed judgements with
themselves, while by using external agreement we select the best cut where
the transformed judgement set is the closest to the one obtained in the target
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scale w.r.t. judgement quality. In the following section we report our experi-
mental results comparing different transformation methods in terms of assessor
agreement using Krippendorff’s [88] α and in terms of IR system effectiveness
evaluation using τ .
As shown in previous research [100, 137], there is large variance in assessor
agreement values across different topics; thus, we measure per-topic agreement
to perform per-topic cuts and transformations. This approach is unconven-
tional for the classical IR evaluation setting, where a certain relevance cutoff
is chosen a priori to be the same over all the topics in the collection. Note,
however, that a per-topic approach does not create issues in performing IR
evaluation. For example, NDCG values for different topics would still be com-
parable despite the fact that they originate from topics with different cuts
since the relevance scale and gain values across topics are the same, and due
to the fact that the computed gains are normalized. Different cuts over differ-
ent topics may affect the number of relevant documents in each topic, which
is anyway something that varies considerably across topics in IR evaluation
collections [111]. Indeed, per-topic cuts may help reducing the variance in the
number of relevant documents across topics.
10.2.3 Scale Transformation Methods
Given the datasets used in this chapter (see Table 10.1), we perform the follow-
ing transformations of relevance judgement datasets into a target scale: So4
into binary, S4 into binary, S100 into binary, and S100 into 4 relevance levels.
Note that we only perform transformations from fine-grained scales to coarse-
grained scale as the opposite would require new information not available in
the source dataset.
We distinguish two main classes of approaches to transform the relevance
scale used by a collection of judgements. In the former only the judgement set
to be transformed is available (in the source scale); in this case we use internal
agreement (see Section 10.2.2). In the latter scenario both the set to be trans-
formed and a set of judgements created in the target scale (either by experts
or crowdsourced) are available, and therefore we use external agreement (see
Section 10.2.2).
10.2.3.1 Single Dataset Scale Transformation
To transform a crowdsourced judgement set into a target scale we need to
select one of the possible cuts (e.g., to transform a 4-level judgement set into
binary we have three possible choices). There are different possible approaches
we can follow to decide on the best cuts for our crowdsourced judgement sets;
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for each of them we provide a long name, a short one (defined more in detail
in Table 10.2), and a description:
HIT-centric, transform then aggregate (H t+a1). Given all documents
judged by an individual crowd worker, we can first transform each indi-
vidual judgements into the target scale (using one of the possible cuts)
and then do the same for the other 9 judgements collected from the
crowd for each document. We can then aggregate the 9 judgements for
the same document (e.g., using majority vote or another aggregation
function) thus obtaining two transformed judgements in the target scale:
the individual worker judgement and the crowd aggregated judgement.
This allows us to compute the Krippendorf’s α agreement between an
individual worker with respect to rest of the crowd. By computing this
version of inter-annotator agreement for all possible cuts, we are able
to identify the cut which maximizes the α value, in order to keep the
highest judgement agreement.
HIT-centric, aggregate then transform (H a+t1). As variant of the pre-
vious approach, we first aggregate the 9 crowd judgements for the same
document in the source scale and then transform both the individual
worker judgement and the crowd aggregated judgement into the target
scale to compute α agreement for a specific cut.
Topic-wide α (Tw α1). A third approach is to compute α on the entire
worker-document matrix of judgements for a topic transformed in the
target scale for each possible cut to find the one that maximizes α. Note
that this method has a potential issue given by the fact that α is not a
very reliable measure for sparse matrices [135].
10.2.3.2 Double Dataset Scale Transformation
In this context, we assume that both a judgement set in the source scale
and one in the target scale are available. For example, besides a fine-grained
crowdsourced judgement set, we could also have expert judgements collected
in the target scale available (e.g., TR2 binary judgements) which we might
leverage to better decide on the best cut to be used on the source scale dataset
(e.g., S4). In this case, the possible scale transformation approaches are:
HIT-centric (H2). All 8 documents judged by an individual crowd worker
in a HIT are first transformed into the target scale using a certain cut.
Then, the transformed judgements are compared to the second dataset
(that was created using the target scale) to compute the α agreement
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value for a given worker and cut. We then make an average of α values
over all workers contributing judgements for a certain topic and, thus,
are able to identify the best cut using the highest α value.
Document-centric aggregate then transform (D a+t2). We first aggre-
gate all relevance judgements collected for a document (e.g., 10 in our
experimental design) in the source scale and then transform the aggre-
gated document judgements into the target scale using a certain cut and
we then measure the α agreement score for the specific cut. The best
cut is identified using the highest α value.
Document-centric transform then aggregate (D t+a2). A variant of the
previous approach consists in first transforming judgements into the tar-
get scale using a certain cut and then aggregating them (e.g., by majority
vote) to compare them with judgements in the target scale (e.g., by ex-
perts) and measure α agreement for the specific cut. The best cut is
identified using the highest α value.
We additionally distinguish two possible types of judgement datasets in
the target scale: expert judgements (e.g., TR2 binary judgements) or crowd-
generated aggregated judgements collected natively in the target scale (e.g,
S2).
10.2.3.3 Possible Transformations
Given all the transformation methods presented so far and the datasets used
in our experiments, we can generate 27 possible transformations (listed in
Table 10.2 and described below) which we will experimentally analyze and
compare in the remaining of this chapter with the goal of drawing an un-
derstanding of how to best transform relevance judgements into a different
relevance scale.
Using the single dataset scale transformation method defined in Section 10.2.3.1
we can transform three crowd-generated judgement collections (i.e., S4 into bi-
nary, S100 into binary, and S100 into four levels) using the two HIT-centric
methods or, alternatively, using topic-based α to select the best cut for each
topic.
This leads to nine possible transformations (see Table 10.2). By using
the double dataset scale transformation method (see Section 10.2.3.2), using
either of the two judgement sets (i.e., by experts like TR2 binary and So4
4-level judgements, or by the crowd such as S2 and S4) in the target scale we
can transform judgements using the HIT-centric approach or the two possible
document-centric approaches (i.e., performing first an aggregation and then
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Table 10.2: The 27 possible scale transformation methods either using a single
crowd dataset in the source scale or using two datasets. We then apply these
methods to perform three transformations: S4 into binary, S100 into binary
and S100 into 4-level. Notation: Hit-centric (H), Document-centric (D), Topic-
wide (Twα), Aggregate (a), Transform (t), Single dataset (1), Double dataset
(2) as superscript.
Single dataset (by internal agreement)
H t+a1(S4→2) H t+a1(S100→2) H t+a1(S100→4)
H a+t1(S4→2) H a+t1(S100→2) H a+t1(S100→4)
Tw α1(S4→2) Tw α1(S100→2) Tw α1(S100→4)
Double dataset (by external agreement)
H2(S4→2, TR2) H2(S100→2, TR2) H2(S100→4, So4)
H2(S4→2, S2) H2(S100→2, S2) H2(S100→4, S4)
D a+t2(S4→2, TR2) D a+t2(S100→2, TR2) D a+t2(S100→4, So4)
D a+t2(S4→2, S2) D a+t2(S100→2, S2) D a+t2(S100→4, S4)
D t+a2(S4→2, TR2) D t+a2(S100→2, TR2) D t+a2(S100→4, So4)
D t+a2(S4→2, S2) D t+a2(S100→2, S2) D t+a2(S100→4, S4)
a scale transformation or first a scale transformation and then a judgement
aggregation). This leads to additional 18 possible transformations (double
dataset by external agreement in Table 10.2). In addition, using the document-
centric approach we are able to perform the transformation of 4-level expert
judgement set (i.e., So4) into binary, which allows us to compare with binary
expert TR2 judgements. Note that in this transformation, the aggregation
step is not needed.
We also notice that when transforming a 4-level scale into a binary scale
the number of possible cuts is 3: left (0 into 0 and 1, 2, 3 into 1), middle
(0, 1 into 0 and 2, 3 into 1), and right (0, 1, 2 into 0 and 3 into 1). When
transforming a 101-level scale into binary the number of cuts is 100, and when
transforming a 101-level scale into four levels it is 161 700.
10.2.4 The Effect of Unjudged Documents
In both TR2 and So4 judgements, only a subset of documents have been judged
by experts (see Section 10.2.1). Thus, we make the common assumption of
unjudged documents to be not relevant. To verify this assumption, we add
non-relevant labels to both TR2 and So4 judgements for unjudged documents
that appear in our other experimental datasets (i.e., S2, S4, and S100). We
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Table 10.3: Agreement α between transformed Sormunen judgements and
TREC with and without the assumption that unjudged documents are not
relevant.
Source Target Available α values for transforming on
scale scale documents left middle right
So4 TR2 805 0.595 0.136 −0.356
So4a TR2 3881 0.882 0.620 0.212
So4a TR2a 4269 0.884 0.625 0.220
thus obtain two additional datasets: TR2a and So4a, where a denotes adding
the additional non-relevant labels based on this assumption. Next, we perform
the transformation of So4 4-level judgements into binary, and measure their
agreement with TR2 judgements by means of α using the doc-centric approach
in two ways: i) only over judgements which are available in both datasets and
ii) over all documents with the assumptions that unjudged documents are not
relevant.
Table 10.3 presents the number of judged documents in both So4 and TR2
datasets, with and without the assumption that unjudged documents imply
non-relevance, and the results of the best cuts selected to transform So4 judge-
ments into binary using TR2 as target scale dataset. The results show that by
adding more non-relevant labels to So4 judgements, the agreement between the
two expert judgements becomes higher. This shows (also due to the selection
strategy followed to build So4, see Section 10.2.1) that unjudged documents
in So4 are often labelled as non-relevant by experts in TR2 judgements, which
is in line with the assumption that unjudged documents are assumed as non-
relevant ones. Note also that, in all cases, the best cut selected using α values
is the left one. As it was already observed by Sormunen [162], the relevance
threshold is low in TREC judgements which is explained by the risk of possibly
missing relevant documents [198]. Based on this observation, in the following
we only focus on the results where we make this assumption. We report re-
sults both making the assumption and removing unjudged documents for S100
transformed into a 4-level scale using So4, as the results vary substantially in
that case because of the many missing judgements in So4.
10.2.5 Evaluation of Scale Transformations
To understand which of the proposed scale transformation methods leads to
better relevance judgement datasets in the target scale, we look at what results
the generated judgements produce when used for the evaluation of IR system
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10.3.1 So4→2 and S4→2
We begin with the simplest scale transformations, So4 and S4 to binary, where
we have in total three possible choices to set cuts between any two neighbor
relevance levels.
10.3.1.1 So4→2
Table 10.3 shows agreement values between expert judgements collected on a 4-
level scale (So4) which are transformed into a binary scale with all possible cut
choices. The results indicate that setting cuts just after 0 (left cut) outperforms
the other two choices (middle and right). On a per-topic basis, the left cut
works best in 17 out of the 18 considered topics, with only one exception where
the difference between left- and middle-cut is not large. This is consistent with
the definition of relevance used by experts in both TR2 and So4 judgements,
as discussed at the end of Section 10.2.4.
10.3.1.2 S4→2
Next, we present the results involving judgements from crowd workers (i.e.,
S4). Figures 10.1c and 10.2c show the results of single dataset (i.e., S4) scale
transformation with all three possible cuts (left, middle, and right), and scale
transformation methods described in Section 10.2.3.1: HIT-centric a+t and
t+a (Fig. 10.1c) and Topic-wide α (Fig. 10.2c). Note that HIT-centric a+t
and t+a produce exactly the same result, just because we adopt majority
vote (the same as median in the binary case) as our aggregation function for
2-level scales while take median values for 4-level scales. Actually, since we
aggregate judgements from nine workers, the result of majority vote is always
the same as the fifth value in a ranked list of 2-level judgements. On the
other hand, the median value of a ranked list of nine 4-level judgements is the
fifth value by definition. Therefore, no matter whether we use t+a or a+t in
the scale transformation method, the result of aggregating nine judgements
exactly equals to transforming the fifth value in a ranked list, which means
that both methods produce the same transformation.
From the charts it is evident that while the agreement level measured by
means of α varies from topic to topic, the best cut selected by each method is
stable (i.e., middle cut). Figures 10.1ab and 10.2ab show the agreement be-
tween transformed judgements from source scale and target scale judgements
with all possible cuts, by the double dataset methods defined in Section 10.2.3.2
where we use both TR2 (Fig. 10.1ab) and S2 (Fig. 10.2ab) as judgement dataset
in the target scale. The results show differences between using expert (i.e.,





10.3 Results and Discussion 209
tion process. When performing judgement aggregation, with either D a+t2 or
D t+a2, the distribution of the original relevance judgements shrinks into just
one single value, which introduces gaps (i.e., not all scale values are used) in
the distribution of the crowdsourced judgements. As a result, whichever cut
is selected within the gap interval (i.e., the scale interval between two scale
points used within aggregated relevance judgements), the transformed judge-
ments remain the same, and consequently all these cuts receive the same α
and can be equally considered the best. In general, a comparison between the
a+t and t+a approaches does not show significant differences.
10.3.3.2 Analysis of the cut distribution
To investigate how all possible cuts are distributed, we focus on D a+t2(S100→4,
So4) which is the transformation method having the highest τ with per-topic
cuts (0.820, see Tab. 10.4). We selected, out of the 160K possible cuts, 3
subgroups having respectively the 1,000 best, median, and worst cuts. Fig-
ure 10.10 shows that in such groups the cut variability is quite limited for the
best cuts (left column) and the distance in terms of relevance is quite consis-
tent among the three cut points. For median cuts (central column), the noise
increases but the three cut points are still uniformly distributed and distin-
guishable. The cut points of the worst cuts (right columns) have values very
close to scale boundaries. This happens in a consistent way across topics and
different transformation methods.
We now look at relations between properties of cuts and intrinsic character-
istics of topics. First, we group the best, median, and worst 1000 cuts, then we
compute the mean of topics of the widths of the 1000 cuts ranges (intended as
difference of relevance between the first and third cut point). We find that the
mean cut width of median cuts correlate positively (Pearson 0.54, p < 0.05)
with the ratio of relevant documents in the topic, whereas such a correlation
is negative when considering the group of the 1000 worst cuts (Pearson −0.5,
p < 0.05). This suggests that topics having a high ratio of relevant tend to
have worst cuts within a small range, and median cuts within a wider range.
10.3.4 Evaluating Scale Transformation Methods
Table 10.4 shows the system ranking correlations computed when using rele-
vance judgements obtained with the selected best cut and expert judgements.
This allows us to compare the effect of different scale transformation methods
on IR evaluation results, as described in Section 10.2.5. We can observe that
in the S4 transformation to binary all methods select the middle cut as the
best one, and thus the correlation values are very similar and only differ be-
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for each topic is not necessarily always better than selecting a single best cut
for the entire collection. Comparing the use of So4 and S4 in double dataset
methods, we see that So4 leads to significantly higher cuts than S4. This
confirms previous observations about the differences between experts and the
crowd.
10.4 Conclusions
Selecting the right relevance scale to be used within the creation of an IR
evaluation collection is a key decision to make. When reusing existing collec-
tions, it may be necessary to transform judgements that have been originally
collected in a fine-grained scale into a different relevance scale. In this chap-
ter we presented an extensive study of relevance scale transformation methods
over different datasets. To the best of our knowledge, this is the first study
of this kind. We looked both at classic transformations previously adopted in
the IR evaluation literature (i.e., the binarization of 4-level judgements) up
to extreme cases in which we transformed a fine-grained (i.e., 101 relevance
levels) scale into 4 levels thus considering 160K possible ways to transform it.
Our results indicate that the method we select to transform judgements have
strong implications on the results of IR evaluation experiments. We observed
that:
• Transforming the scale of a judgement collection is best done on a per-
topic basis rather than selecting the same cut for the entire collection
as all proposed methods tend to select quite different cuts for different
topics in our collection. Selecting cuts per-topic or one single cut for the
entire collection appears, however, not to have a large impact on the IR
evaluation results as compared to those obtained with expert judgements.
• Transforming the scale of an expert-judged collection and a crowd-judged
collection should not necessarily be done in the same way. In our experi-
ments, when binarizing S4 and So4 we found that the best cuts for these
two dataset are different (i.e., middle and left cut, respectively, for S4 →
2 and So4 → 2).
• The classic assumption that unjudged documents are considered not-
relevant may have strong implication on the way we transform judge-
ments from one scale to another. This results is not surprising as such
an assumption is known to be invalid [198].
• When comparing the IR evaluation outcomes obtained with transformed
judgements with those obtained with native expert judgements, we ob-
served that document-centric methods lead to more similar results and
should thus be preferred.
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Table 10.4: Kendall’s τ correlation between the IR system ranking generated
using the transformed judgements and expert judgements for both selecting
the best cut on a per-topic basis or for the entire collection. Bold indicates the
best values per experiment only considering expert judgements in the same
scale as the target (not reported for the first experiment as all methods lead
to the same best cut). So4 values are grayed-out when the transformation is
into binary.
Per-topic-cut Single-cut Single-Cut
TR2 So4 TR2 So4
H t+a1(S4→2) 0.70 0.71 0.71 0.72 middle
H a+t1(S4→2) 0.70 0.71 0.73 0.74 middle
Tw α1(S4→2) 0.69 0.70 0.72 0.74 middle
H2(S4→2, TR2) 0.72 0.74 0.72 0.73 middle
H2(S4→2, S2) 0.72 0.73 0.71 0.72 middle
D a+t2(S4→2, TR2) 0.73 0.75 0.73 0.74 middle
D a+t2(S4→2, S2) 0.74 0.75 0.73 0.74 middle
D t+a2(S4→2, TR2) 0.73 0.75 0.71 0.72 middle
D t+a2(S4→2, S2) 0.73 0.73 0.71 0.72 middle
H t+a1(S100→2) 0.71 0.72 0.77 0.81 58
H a+t1(S100→2) 0.70 0.71 0.75 0.80 58
Tw α1(S100→2) 0.72 0.74 0.76 0.79 52
H2(S100→2, TR2) 0.72 0.74 0.75 0.80 58
H2(S100→2, S2) 0.76 0.79 0.76 0.79 52
D a+t2(S100→2, TR2) 0.76 0.78 0.76 0.80 59
D a+t2(S100→2, S2) 0.77 0.80 0.76 0.79 53
D t+a2(S100→2, TR2) 0.77 0.78 0.75 0.80 55
D t+a2(S100→2, S2) 0.77 0.81 0.75 0.81 56
H t+a1(S100→4) 0.75 0.76 0.76 0.77 (28, 58, 82)
H a+t1(S100→4) 0.74 0.74 0.74 0.76 (28, 58, 82)
Tw α1(S100→4) 0.74 0.76 0.75 0.77 (24, 63, 82)
H2(S100→4, So4) 0.77 0.77 0.76 0.79 (52, 70, 94)
H2(S100→4, S4) 0.75 0.76 0.76 0.77 (29, 59, 82)
D a+t2(S100→4, So4) 0.77 0.82 0.73 0.77 (58, 85, 99)
D a+t2(S100→4, S4) 0.74 0.76 0.73 0.76 (24, 58, 88)
D t+a2(S100→4, So4) 0.76 0.80 0.74 0.75 (55, 86, 94)




This chapter concludes the thesis. Section 11.1 summarizes the contributions,
while Section 11.2 provides directions for future developments.
11.1 Summary and Main Contributions
In this thesis we presented works which deals with the reduction of the cost
and the effort in the evaluation of Information Retrieval. More in detail, we
considered three different approaches: the reduction of the topic set currently
used (Part I), the evaluation performed with no human intervention (Part II),
and the evaluation performed collecting crowdsourced relevance judgements
(Part III).
The contributions of this thesis are as follows. Part I, which deals with
the usage of few topics in the effectiveness evaluation, provides the following
contributions.
Chapter 3 presents a re-implementation of the BestSub software achieved
using a novel approach based on evolutionary algorithms. Then, it presents a
successful attempt of the reproduction of the the results by Guiver et al. [60],
Robertson [128], and Berto et al. [14]. Finally, it provides the generalization
of such results to other effectiveness metrics and other TREC collections.
Chapter 4 presents a complete and exhaustive analysis on using fewer top-
ics in the evaluation of retrieval systems. We show that a larger ground truth
topic set results in average and best subsets that are more highly correlated
with the ground truth topic set than found in previous work. More in detail,
as the cardinality of the ground truth increases, the size of the subset (relative
to ground truth) required to obtain a high correlation also decreases. More-
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over, for large cardinalities, worst topic sets can be found that show very low
correlations with ground truth. We also provide a detailed analysis on the role
of statistically significant differences among runs considering different topic
sets. Finally, our analysis show that an effective clustering techniques can be
exploited to find more representative topics.
Part II deals with the evaluation of retrieval systems without relevance
judgements, and provides the following contributions.
Chapter 6 discusses the reproduction the most important work on evalua-
tion of retrieval systems performed in absence of relevance judgements. Fur-
thermore, we present many details useful for future reproducibility , we present
the results in a uniform way, and we generalize such results to other test collec-
tions, evaluation metrics, and a shallow pool. Finally, we expand those results,
obtaining two practical strategies that seem effective to, respectively, decrease
the costs involved in test collection based evaluation.
Chapter 7 presents an extensive analysis over 17 prediction methods, 14
TREC collections, 15 accuracy measures, obtained by combining three effec-
tiveness measures (i.e., MAP, AP, and AAP) with five correlation measures
(i.e., ρ, τ , rs, δ, and τap), four data fusion approaches (plus variants), and
twelve machine learning algorithms (plus variants) for the evaluation and com-
bination of evaluation with out relevance judgement techniques. We provide
a systematic and uniform analysis on individual method effectiveness across
different collections, and previously unnoticed relationships between the indi-
vidual methods. Furthermore, we show that practical results on method com-
binations by means of machine learning algorithms can be exploited to provide
a practical methodology for the researcher that wants to run an effectiveness
evaluation without human relevance assessments.
Part III focuses on experiments on crowdsourcing relevance judgements and
on the effect of the relevance scale adopted to collect relevance judgements.
Chapter 9 presents a systematic study comparing the effects of different
relevance scales on IR evaluation. The chapter shows many advantages of the
fine grained (i.e., S100) scale as compared to coarse-grained scales like binary
(i.e., S2) as well as S4, and to unbounded scales like ME. S100 preserves
many of the advantages of ME like, for example, allowing to gather relevance
judgements that are much more fine-grained than the usual binary or 4-value
scales. Assessors use the full spectrum, although sometimes with a preference
for scores that are a multiple of ten. S100 has also demonstrated advantages
over ME in terms of agreement with judgements collected on a binary and four
level scales. Overall, our results show that S100 is an effective, robust, and
usable scale to gather fine-grained relevance labels.
Chapter 10 addresses the issue of transforming relevance scales. The chap-
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ter shows that when reusing existing collections, it may be necessary to trans-
form judgements that have been originally collected in a fine-grained scale
into a different relevance scale. This chapter presents an extensive study of
relevance scale transformation methods over different datasets.
11.2 Future Developments
This thesis leaves plenty of space for future work.
Concerning Part I, we could improve NewBestSub, in many ways. The first
improvement that we can study is a fine tuning of the algorithm parameters,
such as: experimenting with other operators to perform crossover, like XAND
and XOR; study the relations between, and give an initial accurate estimate
of, population number and number of iterations; in the case of more than one
execution and the merge of the results, find the optimal number of execu-
tions. We can also aim at finding the most (or a more) general topic set, i.e.,
a topic set which maximizes both the correlation with the ground truth and
the ability to be a Best/Worst set in other collections. Furthermore, with the
consistent speedup of NewBestSub we aim at reproducing and extending the
generalization experiments of Guiver et al. [60], not by using a single split of
the original AP matrix (both topic-wise and system-wise), but by performing
many iterations of the process. With the old BestSub this experiment would
be unfeasible. We aim also at developing an effective topic selection strategy,
integrating state-of-the-art methods to compute approximated matrix, such as
the work discussed in Part II. We believe that NewBestSub will be a useful
tool to perform these experiments, as well as several other ones. Furthermore,
we could employ NewBestSub to investigate the finding of few topics where
multiple query variations are present, which has gathered increasing attention,
as for example in Bailey et al. [8] and Jimmy et al. [82]. We also plan to imple-
ment top heavy metrics such as τAP and Rank Biased Overlap in NewBestSub,
which will give us the possibility of studying and focusing on the most effective
systems.
Concerning the few topics approach, we plan to consider the correlation
between topic subsets (rather than between a topic subset and the full topic
set) as well as top-heavy measures of association such as Rank Biased Overlap
or τAP, to give more importance to the most effective systems. We believe
we have only started to analyze how best and worst topic sets are formed.
Considering the extreme nature of Best and Worst series, extreme value theory
might be useful to better understand and model the stochastic behavior of
Best / Worst series and topic subset distributions. We also plan to deepen the
analysis by finding more semantic features that characterize a good/bad topic
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set. Indeed, as in previous research, we have not attempted to devise methods
to find good topic subsets before the evaluation exercise is performed, or while
it is ongoing; the focus of our research so far has been on working to understand
how different topic sets interact. Future work studying more semantic topic
features, combined with many runs, will hopefully help to provide a set of
guidelines for sound topic set engineering.
Concerning Part II, we plan to make further experiments on data fusion
techniques and other similar methods. We will also experiment further on how
to optimally combine the three methods. Injecting strategies to improve AAP
estimation, instead of MAP, are less straightforward but can be devised, per-
haps at the individual AP level. Combinations of injecting and shallow pool
based (i.e., approximated metric computation) methods can also be devised.
So far we have used only the individual prediction methods based on systems
outcomes; Diaz’s method [46], that requires the document collection as well,
is an obvious candidate to be added. We have not focused yet on the com-
putational complexity and time needed to learn a model on the basis of the
past datasets available, and we plan to do so. Roughly, the training phase
for learning a model even on all the past datasets is a matter of a few hours,
and once the model has been learned its application on a new test set is very
fast (a few seconds). The machine learning approach suggests a more general
framework that could include other features, also derived from completely dif-
ferent methods (for example, analyzing the text of topic descriptions and/or
documents; properties of the systems; and so on). This seems a promising
approach, and we intend to pursue this research direction in the future. It
would also be a way to address some limitations of the individual methods,
that are quite rigid and difficult to extend. Finally, Transfer Learning could
be exploited to adapt the models learned on past datasets to a new one with
different properties [91]. On more technical issues, in our approach we learn
AP, not MAP, since as already discussed we do not have enough data to build
a regressor on MAP values. This might be one reason for the better accuracy
on AP (as well as AAP), than on MAP. Thus, we might refine our learning
system to take into account MAP to some extent. Also, most individual meth-
ods generally aim at predicting MAP: it might be possible to tailor them as
well for more accurate predictions of AP and AAP. We also plan to test more
sophisticate data fusion and ML techniques: we plan to adapt to the setting
of query performance prediction the learning-to-rank approach proposed by
Raiber and Kurland [125], as well as data fusion techniques [80, 158].
Concerning Part III, we plan to extend the work on fine grained scales and
do a systematic study in which we evaluate classical scales by means of crowd-
sourcing. We also plan to develop and merge the fine grained scale approach
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with the scale transformations approach. We plan to differentiate the results
from identifying the best cut using the closest α of transformed judgement
set by internal agreement to that of original judgement set, instead of picking
up the best cut by the highest α. We will also investigate the use of system
ranking correlation measures (e.g., τ) as an alternative to assessor agreement
for the selection of the best cut, perform in-depth comparative analysis of per-
topic versus single-cut approaches, and design supervised methods to select
cuts for new datasets.
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[79] K. Järvelin and J. Kekäläinen. Cumulated gain-based evaluation of IR
techniques. ACM Trans. Inf. Syst., 20(4):422–446, 2002. doi: 10.1145/
582415.582418. URL http://doi.acm.org/10.1145/582415.582418.
[80] G. K. Jayasinghe, W. Webber, M. Sanderson, and J. S. Culpepper. Im-
proving test collection pools with machine learning. In Proceedings of
the 2014 Australasian Document Computing Symposium, ADCS 2014,
Melbourne, VIC, Australia, November 27-28, 2014, page 2, 2014. doi:
10.1145/2682862.2682864. URL https://doi.org/10.1145/2682862.
2682864.
[81] J. Jiang, D. He, and J. Allan. Comparing in situ and multidimen-
sional relevance judgments. In Proceedings of the 40th International
ACM SIGIR Conference on Research and Development in Informa-
tion Retrieval, SIGIR ’17, pages 405–414, New York, NY, USA, 2017.
ACM. ISBN 978-1-4503-5022-8. doi: 10.1145/3077136.3080840. URL
http://doi.acm.org/10.1145/3077136.3080840.
[82] G. Z. Jimmy, J. Palotti, L. Goeuriot, and L. Kelly. Overview of the clef
2018 consumer health search task. In CLEF 2018 Evaluation Labs and
Workshop: Online Working Notes (CEUR Workshop Proceedings), 2018.
[83] K. Kishida, K. Chen, S. Lee, K. Kuriyama, N. Kando, H. Chen,
S. Myaeng, and K. Eguchi. Overview of CLIR task at the
fourth NTCIR workshop. In Proceedings of the Fourth NT-
CIR Workshop on Research in Information Access Technologies
Information Retrieval, Question Answering and Summarization,
NTCIR-4, National Center of Sciences, Tokyo, Japan, June 2-4,
2004, 2004. URL http://research.nii.ac.jp/ntcir/workshop/
OnlineProceedings4/CLIR/NTCIR4-CLIR-TaskOverview.pdf.
[84] K. Kishida, K. Chen, S. Lee, K. Kuriyama, N. Kando, and H. Chen.
Overview of CLIR task at the sixth NTCIR workshop. In Proceed-
ings of the 6th NTCIR Workshop Meeting on Evaluation of Information
Access Technologies: Information Retrieval, Question Answering and
Cross-Lingual Information Access, NTCIR-6, National Center of Sci-
ences, Tokyo, Japan, May 15-18, 2007, 2007. URL http://research.
nii.ac.jp/ntcir/workshop/OnlineProceedings6/NTCIR/79.pdf.
[85] J. M. Kleinberg. Authoritative sources in a hyperlinked environment. J.
ACM, 46(5):604–632, Sept. 1999. ISSN 0004-5411. doi: 10.1145/324133.
324140. URL http://doi.acm.org/10.1145/324133.324140.
230 BIBLIOGRAPHY
[86] J. Knight. Null and void. Nature, 422(6932):554–555, 2003. doi: 10.
1038/422554a. URL https://doi.org/10.1038/422554a.
[87] R. Kohavi. A study of cross-validation and bootstrap for accuracy esti-
mation and model selection. In Proceedings of the Fourteenth Interna-
tional Joint Conference on Artificial Intelligence, IJCAI 95, Montréal
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